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We implemented our algorithm in Perl. The evaluation of the parser
was done in 3 phases.

In all phases, we generated a binary matrix of 153 rows by 43 columns,
corresponding to the presence (1) or absence (0) of each feature for a
given patient. In order to compare the performance of the parser with the
performance of the manual annotation, we counted the number of agree-
ments between both, as well as the number of disagreements related to
each. We further examined these disagreement cases to determine their
correct classification.

3 Results

After going through the 3 phases, combining both data subsets together,
our method extracted 206 features, 174 of which are in accordance with
manual extraction (84.5%). More details about results of intermediate
phases can be found in [4]. Our parser extracted 32 features that the ex-
pert didn’t, while the radiologist had 16 extra features. Out of these 48
disputed cases, the parser edges the radiologist by correctly classifying 25
(52.1%). The parser is thus able to discover features missed or missclas-
sified by the radiologist, and exhibits a similar performance.

Figure 1 summarizes the improvements of the parser during the three
phases of the experiment, in terms of concordant and discordant extracted
features. Each phase is represented by four bars. The first two bars corre-
spond to the screening reports while the next two correspond to the diag-
nostic reports. Taken in pairs, the left bar (Screening-C and Diagnostic-C)
reports the number of concordances between the parser and the radiolo-
gist, while the right bar (Screening-D and Diagnostic-D) reports the dis-
cordances, features that were either extracted by the parser or by the ra-
diologist but not by both. For the diagnostic reports, we observe a drastic
improvement between the first and second phases, and an additional slight
improvement by the third phase. For the screening reports, the improve-
ment is not so pronounced, because this type of reports is less thorough
and detects less BI-RADS features. In both cases, we managed to achieve
a high level of concordance while reducing the number of discordances.
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Figure 1: Number of concordant and discordant extracted features by the
parser and the manual methods, over the three phases and both data sub-
sets

The number of features found in the screening mammography reports
is much smaller than in its diagnostic counterpart, as expected. However,
the parser manages to return approximately the same number of features
extracted by the radiologist. The differences in the labeling of features re-
lated to shape and margin are explained by sentences containing ambigu-
ous texts about “irregular shape” and “indistinct” or “ill defined” margin.
As the expressions “irregular”, “indistinct” and “ill defined” can be used
to categorize both shape and margin, the parser ended up extracting more
features than needed for shape and margin. In such situations a human
inspection of the text can be more effective than the parser. Combining
the attributes margin and shape could be a solution, but we would loose
granularity, since the BI-RADS lexicon finds it important to distinguish
the definitions of margin and shape.

We noticed there is a clear difference in extraction for the concept
“Associated Findings”. The parser did not manage to extract all the in-
formation available in the medical reports. This difference is due to sen-
tences related to “distorção arquitetural do estroma” (architectural stro-

mal distortion). The different ways of defining the same concept were not
well captured by the parser, but were captured by the radiologist. On the
other hand, the parser extracted features related to “popcorn” calcifica-
tions, while the radiologist missed them.

4 Conclusion and Future Work

Feature extraction from free-text medical reports is still a challenge. In
this work, we introduce the first BI-RADS parser for the Portuguese lan-
guage. We use a simple approach, based on regular expressions, to capture
most of the BI-RADS features expressed by radiologists in Portuguese
free-text medical reports. We applied our technique to screening and di-
agnostic mammography reports. Our method is comparable to manual
annotation. The parser was in accordance with the manual method over
84.5% of its extracted features, and correctly classified 52.1% of the dis-
puted cases. Our parser may be used as an automated double reader, or
as an assessment tool of radiologist’s labeling of mammography reports.
But most importantly, it is an automated method for extracting BI-RADS
features from free-text reports and populating structural databases. Breast
cancer models and classifiers are built using structured databases [5], and
our parser is a necessary step to integrate free-text datasets to such mod-
els. Our next step is to apply our parser to other medical reports not
used in this study. We are also working on integrating this parser to a
medical system that transcribes audio speech into text. Finally, we plan
on using the features extracted by the parser to build classifiers that can
distinguish between malignant and benign cancer findings in Portuguese
medical records.
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Abstract

A method for the segmentation of the mammary gland of Breast Ultra-
sound exams is proposed, resulting in the selection of the Region of In-
terest for pathological diagnosis. To achieve this, several methods that
enhance the transition areas or remove the speckle were selected: Non-
linear diffusion, Speckle Reducing Anisotropic Diffusion, Entropy filter,
Moran index and Homomorphic filter. Machine learning (SVM and Ad-
aboost) and clustering (K-means) algorithms are used for tissue classifi-
cation. A segmentation line based on graph theory is computed to finalize
the segmentation and a comparison between the classification methods is
provided.

The developed segmentation methods were applied to a database with
61 images, 34 without masses and 27 with masses collected using digital
support, and segmented by an experienced medical oncologist in Centro
Hospitalar da Cova da Beira in Portugal.

1 Introduction

Breast cancer is the leading cause of cancer death worldwide. A gradual
decrease of mortality has been registered mainly due to the early detec-
tion [1]. Breast Ultrasound (BUS) exams provide a cheap diagnosis tool,
without any ionizing radiation, although they are difficult to analyse.

Typical BUS exams are composed of four regions: skin, mammary
gland, pectoralis muscle and other tissues (see figure 1). The Region of
Interest for pathological diagnosis is the mammary gland. For this reason
a reliable segmentation of the gland region from the other BUS image
regions becomes important. Most pattern recognition methods applied to
BUS exams can benefit of an initial gland segmentation, either if they are
used for segmentation, registration or classification [7]. Moreover this
separation also might be useful to the radiologist that interprets the exam.

From our knowledge, this problem was also addressed by [3]. More-
over, the work presented in [4] is extended using an adaboost classifier
and cross validation.

Figure 1: BUS sample image

2 Proposed method

The proposed method can be separated in 3 steps. In the first step pre-
processing algorithms are applied to the BUS image resulting in the re-
motion of speckle and enhancement of the image features, in particular
the tissue transitions. Machine learning algorithms or clustering analysis
is applied for the tissue classification in the second step. The third step

uses the classification result for the segmentation line definition based on
a set of heuristic rules and graph theory.

2.1 Image pre-processing

Several methods were applied to the original image in order to enhance
the Ultrasound (US) image characteristics. Speckle Reducing Anisotropic
Diffusion (SRAD) is a diffusion method designed for ultrasound images
[10], that enhances the edges of the image.

The homomorphic filter method normalizes the brightness across an
image (low frequencies attenuation) and increases contrast (high frequen-
cies amplification), using a non-linear mapping [5].

Perona and Malik non-linear diffusion method [8] uses a diffusion
process based on the heat equation to perform an intra-region smooth-
ing, resulting in an edge enhanced image. The diffusivity constant κ is
dynamically computed as suggested in [8].

The entropy filter was applied in order to quantify the information
on the exam [9]. This feature allows to discriminate the shadows on the
image, as the entropy value is very low on these regions.

Finally, the Moran index measures the unsharpness of a region (win-
dow), resulting in an image with enhanced contours. The smooth regions
are represented with low values and the heterogeneous zones are repre-
sented with higher values like the non linear diffusion.

The bins of the pixel descriptor used on the classification step is de-
fined by the result of the pre-processing algorithms.

2.2 Tissue classification

The tissue classification was done using three different approaches. A
first approach was done using the K-means clustering algorithm. A 4 bin
pixel descriptor was used because the entropy bin was not included. The
output of this method is an image with K clusters (values of K=3, 4, 5, 6
and 7 were used), represented with different gray levels.

The second and third approach use respectively the SVM and Ad-
aboost machine learning algorithms, using the 5 bins descriptor defined
before. Both methods require a supervised learning, being the training set
randomly selected and using the remaining images as test set. A binary
image results of these tissue classification methods.

2.2.1 Binary Mask Images

Using the defined image pixel descriptors, binary images are computed
resulting in a rough tissue separation. The K-means results in an image
with K different levels. Selecting each K level as foreground, and all the
others as background, results in K binary images.

The binary images that result from the classification algorithms are
then post processed by the algorithm described in subsetion 2.3 and 2.4 to
result in a final segmentation line.

2.3 Segmentation line definition

Graph theory [2] is used to define the segmentation line defining the short-
est line between the left and right side of the binary image. Initially, the
horizontal Sobel operator is applied to the image, resulting in a binary im-
age with a set of edges. This step suppresses the vertical edges, keeping
only edges with horizontal component.
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K lthr TP(%) TN(%) FP(%) FN(%) Acc. (%)
3 3 95.53 70.22 29.78 4.47 82.87
4 3 95.03 51.94 48.06 4.97 70.31
5 4 95.44 76.41 23.59 4.56 71.14
6 6 95.20 72.47 27.53 4.80 78.91
7 6 98.83 64.76 35.24 3.17 79.72

Table 1: Segmentation results obtained using K-means pixel classification
in images without masses.

TP(%) TN(%) FP(%) FN(%) Acc. (%)
Without masses 87.89 87.48 12.52 12.11 86.71
With masses 92.09 88.28 11.72 7.91 88.99
Table 2: Segmentation results obtained in BUS exams using SVM.

T P(%) T N(%) Acc(%) σAcc
Without masses 92.51 93.10 91.81 7.55
With masses 87.60 86.61 84.80 10.60
All database 89.12 90.42 88.00 10.60

Table 3: Segmentation results obtained in BUS exams using Adaboost.

A label is then applied to each different horizontal edge. A weighted
undirected graph is created using as nodes the edges (labels) and as weights
the minimum Euclidean distance between each edge (label). Using the re-
sulting graph, the shortest path between the left and right side of the exam
is computed. The selected edges that result in the shortest path are linked
with a line connecting the extremes. The final segmentation line is defined
by the three shortest paths. The top of the exam (rows) was ignored on the
edges labelling, avoiding the definition of the segmentation line on tran-
sition between the skin/gland that has similarities with the gland/muscle
transition.

2.4 Segmentation line selection

The K-means clustering algorithm results in K binary images (one for
each cluster). After applying the separation line algorithm previously de-
scribed, 3×K possible separating lines result. For each separating line, a
binary mask is created, with value 1 above the separating line and 0 below.
Subsequently an element-wise sum is applied to the generated masks, re-
sulting in an image with (3×K+1) levels. The separation line is selected
applying a threshold, lthr, to the element-wise sum image. The threshold
lthr is selected based on the value that provides the overall best results for
our database (Accuracy Vs. False negatives) and is a function of the K
value.

For the binary image that results from the support vector machine
(SVM) and Adaboost classification, 3 possible separation lines are re-
turned. If some of the lines overlap, the shortest one (in length) is se-
lected. If a separation line with no overlap occurs, the bottom most line is
selected, either it is an overlapping one or not. The option for the bottom
most is related with the fact that this separation line is likely to be the one
that guarantees a higher probability that all pixels of the gland regions
are inside the top region. Hence, a reduced amount of pixels of the BUS
images gland is suppressed by this segmentation method, resulting in a
higher Recall rate with a cost of lower Precision rate.

3 Testing and results

3.1 Database description

The used database was collected at “Hospital da Cova da Beira", in Portu-
gal, using a LOGIQ Book XP. The database is composed by 61 images, 34
without masses and 27 with masses, collected in digital support without
losses (lossless compression). The images without masses have a typi-
cal size of [412× 391] pixels. The images with masses the number of
columns is typically the same (412) and the number of rows varies from
391 to 524. An experienced medical oncologist on US image analysis did
the tissue separation for validation, resulting in masks of the gland tissue
created manually.

3.2 Parameters definition

Relatively to the image pre-processing and after intensive testing several
parameters were settled:

1) The entropy and Laplacian filters pre-processing algorithms use a
seven pixels square window.

2) In the Perona and Malik non-linear diffusion [8] the number of
iterations was set to 25, the κ to 60% and the λ was set to 0.25. Moreover,
the Gaussian diffusity function was selected.

3) In the SRAD algorithm [10] the number of iterations was set to 20
and the smoothing time step (λ ) was set to 0.05.

4) The homomorphic filtering [6] used a boost value of 2, a CutO f f
of 0.4, a lhistogram_cut of 3.75 and a uhistogram_cut of 5 with a filter
order of 3.

On the segmentation line definition for K-means, 70 rows were ig-
nored on the top of the image.

3.3 Results discussion

The presented results show that the proposed task can be achieved with a
high success rate.

When analysing the results from the K-means approach the accuracy
rate, on the best results (K = 3, 6 and 7), is between 78.91 and 82.87. This
approach results in a TP rate over 95%, that however has an unacceptably
high FP rate. The machine learning approach revealed to be much more
accurate. Besides the lower TP rate, that we consider acceptable, the
accuracy rate (86.91 and 91.81) and TN rate (87.48 and 93.10) are much
higher.

The results on table 2 reveal better results on the segmentation on
images with masses than on images without masses. However no cross
validation was done, and these results are very dependent of the randomly
selected training sets.

The Adaboost results were obtained using cross-validation with ran-
dom training sets selection. These segmentation results are possible to be
used as a pre-processing method for any further BUS exam analysis, since
it accurately remove the unnecessary parts of the exam.

(a) Clean image (b) Exam with mass

Figure 2: Image segmentation examples
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Abstract

Social media platforms encourage people to share diverse aspects of their
daily life. Among these, shared health related information might be used
to infer health status and incidence rates for specific conditions or symp-
toms. In this work, we evaluate the use of Twitter messages and search
engine query logs to estimate the incidence rate of influenza like illness
in Portugal.

Based on a classified dataset of 2704 tweets from Portugal, we ob-
tained a precision of 0.86 and an f-measure of 0.75 using an SVM clas-
sifier. Using feature selection based on mutual information, we achieved
a precision of 0.80 and an f-measure of 0.84 for a Naïve Bayes classifier
with 650 textual features. Combining this classifier with the frequency
that influenza related words are searched on the Internet, we create a time-
line that estimates the incidence of flu in Portugal. Comparing the results
to epidemiological data over a time period not considered during training,
a correlation coefficient of 0.84 was obtained. Although the Portuguese
community in Twitter is small, our results are comparable to previous ap-
proaches in other languages, and indicate that this approach could be used
in the future to complement other measures of disease incidence rates.

1 Introduction

Social media platforms such as Twitter encourage people to share their
opinions, thoughts and life aspects [8]. Among these, people often share
personal health related information, such as the appearance of flu symp-
toms or the recovery of those symptoms. Thus, this information could be
used to identify flu cases and estimate the influenza rate through time.

Several works regarding the retrieval of health information from so-
cial media have already been published. E. Aramaki et al. [1] applied
SVM machine learning techniques to Twitter messages to predict influenza
rates in Japan. Lampos and Cristianini [6] and A. Culotta [2, 3] anal-
ysed Twitter messages using regression models, in the United Kingdom
and the United States respectively, obtaining correlation rates of approx-
imately 0.95. Different works also rely on query logs to track influenza
activity. Ginsberg et al. [5] presented Google Flu Trends, which uses
Google search queries and achieves an average correlation of 0.97. The
greatest advantage of these methods over traditional ones is instant feed-
back. Health reports are published in a weekly or monthly basis, while
Twitter and/or query log analyses can be obtained almost instantly. This
characteristic is of extreme importance because early stage detection can
reduce the impact of epidemic breakouts [1, 5]. In this work, we inte-
grate information from tweets and from query logs in order to estimate
the occurrence rate of influenza in Portugal.

2 Methods

We obtained training data from nearly 14 million tweets originated in Por-
tugal and covering the period between March 2011 and February 2012.
We excluded re-tweets (replies) and tweets including links. Using a regu-
lar expression that captures tweets that have influenza related words, a set
of 3183 tweets was identified. The regular expression used was divided

Theme RegEx
Flu (en)?grip[a-z]+

Cold constip[a-z]+

Flu Symptoms
(febre .* grau(s)?) | (grau(s)? .* febre) |

(bodypains .* febre) | (febre .* bodypains)
bodypains: do(r(es)?|i-me)\s*(no|na|de|o|a)?\s*(corpo|cabeca|garganta)

Table 1: Regular expressions to filter influenza related tweets.

into three groups: “gripe” (flu) word derivations, “constipação”(cold)
word derivations and flu related symptoms, such as body/throat pains,
headache and fever, as described in Table 1.

Using filtering based on regular expressions of this kind is not suffi-
cient, as many tweets that contain words related to flu do not imply that
the person writing the text has the flu. Tweets like «Hoping the flu doesn’t
strike me again this Winter» contain the keyword flu but do not tell us
that this person has the flu. To solve this problem, machine learning tech-
niques were used. We manually classified a set of tweets as positive or
negative to be able to train a predictive model. Tweets were labelled as
positive if they revealed that the person who wrote it was with the flu,
was having flu symptoms or was recently ill with the flu. A total of 2704
tweets were classified, of which 949 were positive for flu.

2.1 Machine Learning Methods

Tweets were represented by a bag-of-words (BOW) model. The Natural
Language Processing Toolkit [9] (NLTK) was used to tokenize the text,
remove portuguese stopwords and stem all remaining words in each tweet.
Char bigrams for each word were also generated, making up a total of
5106 features.

Several machine learning techniques (SVM, Naïve Bayes, Random
Forest, Classification Tree, Nearest Neighbour) were tested in order to
evaluate which would produce better results. We used the SVM-light [7]
implementation of SVMs. The remaining classifiers were trained using
the Orange toolkit [4].

2.2 Feature Selection

In order to improve these results, we evaluated the use of feature selec-
tion techniques for defining the best set of features to use. For this, each
feature was compared to the true class label set to obtain the mutual in-
formation (MI) value. The higher a feature’s MI score, the more related
it is to the true class label, meaning that the feature contains discrimina-
tive information to decide if that tweet has a positive or negative annota-
tion. We selected the optimal number of features empirically, by varying
the threshold on the MI value and selecting features with MI above that
threshold.

2.3 Query Logs

Besides Twitter, we also had access to query logs from the SAPO1 search
platform. We used around 15 million log entries from December 2011
to May 2012, which gave us an average of 112 thousand log entries per
day. We filtered all searches using the regular expression (en)?grip[a-z]+,
which matches influenza word derivations. The number of search queries
matching this regular expression was accumulated weekly.

3 Results

3.1 Binary Classification of Twitter Messages

The performance of the different classifiers was compared through 5×2-
fold cross validation using the entire dataset of 2704 tweets. Using the
full set of features (Table 2), the best results were obtained with the SVM
classifier, with an f-measure of 0.75. After feature selection (Table 3), the
best overall results were obtained for a set of 650 features, achieving an
f-measure of 0.84 with the Naïve Bayes classifier.

For each classifier, we selected from the receiver operating charac-
teristic (ROC) analysis, an operating point that maximizes the precision
without a severe loss on the classifier recall. Although operating points

1http://www.sapo.pt
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Figure 1: Influenza rate from December 2011 to April 2012 showing the results from the Influenzanet project and the combined result of our Naïve
Bayes classifier with the query log rate. The correlation ratio between the two sets of measures is 0.842. Naïve Bayes classifier was trained with data
from the period 01/05/2011 to 03/12/2011.

Classifier F-Measure Precision Recall
Naïve Bayes 0.66 0.81 0.55

SVM 0.75 0.86 0.66
Classification Tree 0.72 0.72 0.72

Random Forest 0.68 0.70 0.67
kNN 0.78 0.67 0.92

Table 2: Classifier results for the full set of features (5106 Features)

Classifier F-Measure Precision Recall
Naïve Bayes 0.84 0.80 0.90

SVM 0.78 0.84 0.72
Random Forest 0.79 0.72 0.86

Classification Tree 0.76 0.74 0.77
kNN 0.79 0.71 0.89

Table 3: Classifier results after feature selection (650 Features)

with higher f-measure values could have been selected, these would rep-
resent higher recall, at the expense of a lower precision. We therefore
chose the more stringent models, in order to reduce the amount of false
positive hits, and consequently, the amount of noise present in the final
results.

3.2 Flu Trend Prediction

As stated before, the main objective of this work is to create a reliable
predictive model to obtain instant feedback regarding the incidence of flu
in Portugal. In order to access the performance of our approach, we com-
pare it to epidemiological results from a health-monitoring project related
to flu. The gold standard data is collected from the Influenzanet2 online
system. Influenzanet data is collected from several participants who sign
up to the project and report any influenza symptoms, such as fevers or
headaches on a weekly basis. The gold standard period considered runs
from 28 November 2011 to 22 April 2012. Pearson’s correlation coeffi-
cient is used as the evaluation metric between the gold standard and the
predictor output.

In order to compare the tweet and query results to the flu incidence
rates, these were expressed as weekly relative frequencies, as done in pre-
vious works. This value is calculated as the fraction of tweets (searches)
considered positive to the total of tweets (searches) produced during each
week. The data were time aligned with the Influenzanet results.

We compared the generated output of our classifiers with the gold
standard timeline. As shown in Table 3, we obtain the best results when
we combine the Naïve Bayes classifier results with the result from the
query logs analysis. Since both are represented in terms of relative fre-
quency occurrence, we simply add those values. The Naïve Bayes clas-
sifier produced the higher correlation coefficient, in accordance with the
binary classification performance.

4 Discussion

To the best of our knowledge this is the first work in this subject done
specifically for the Portuguese language. Although most of the used meth-

2http://www.influenzanet.eu

ods are similar and applicable across languages, the amount of available
data in languages other than English, as well as language specificities,
may influence the final results obtained.

Despite Twitter being a largely used social web platform, it is not very
popular in Portugal, which limited the size of our dataset when compared
to similar works. As a comparison, we had access to around 14 million
tweets, with a daily average of nearly 40,000 tweets, from which 2704
were used to train the binary classifiers. Eiji Aramaki et al. [1] used 300
million tweets, from which 5,000 were used for training. A. Cullota [2]
used a total of 500,000 messages, selecting 206 of those messages to train
a model. Due to the low set of used data, overfitting problems are reported
in that work.

Another important novelty of our work is the integration of results
from the analysis of tweets with results from user searches on a web
search engine. This contributed to a better approximation to health mon-
itoring results used as gold-standard in this work. A possible extension
to this would be to user other sources of user-generated content, as blog
posts and comments on web pages.

The results obtained indicate that this method can be used to comple-
ment other measures of disease incidence rates.

Dataset SVM (p-value) Naïve Bayes (p-value)
Twitter 0.61 (25,75 ·10−4) 0.68 (4,98 ·10−4)

Twitter + Query Logs 0.75 (0,58 ·10−4) 0.84 (0,01 ·10−4)

Table 4: Pearson’s Correlation Ratios to incidence rates from Influenzanet

Acknowledgements: This work was funded by Labs SAPO project "SPotTED".
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Abstract 

The first decade of the 21st century has seen a widespread 

deployment of Robotic Surgery Systems for use in a growing range of 

complex surgical procedures. To perform tasks in surgeries, namely 

navigation and object recognition, vision systems are of great 

importance to increase autonomy of surgical systems. Ultrasound 

(US)  images are of special interest in the medical field because they 

are radiation free and cheaper than computer tomography (CT), or 

magnetic resonance (MR), despite its intrinsic speckle noise. 

Advanced materials and technology have a significant cost. With this 

scenario, simulators gain even more importance, providing essential 

knowledge about the systems behaviour before being placed in the 

real working scenarios. Our purpose is to use the Modular 

OpenRobots Simulation Engine (MORSE), a robotics simulator, to 

create a simulated surgery room environment and a constant flow of 

data between the simulator and other equipment and software’s that 

allow us to test the performance of Ultrasound Guided Robotic 

Surgery Systems. 

1 Introduction 
Robotic surgery was developed to enhance the capabilities of 
surgeons performing open surgery and to overcome the limitations of 
minimally invasive surgery. This technology allow the surgeons to 
perform certain actions with smoother, feedback-controlled motions 
than could ever be achieved by a human hand, reduce or eliminate the 

tissue trauma associated with open surgery and the ability to perform 
a remote surgery where the physical distance between the surgeon 
and the patient is immaterial. Robotic surgery systems are becoming 
highly complex and sophisticated, with an increasing number of 
hardware and software components. The common use of images to 
control robotic systems, i.e., placed directly in the control loop, also 

being deployed to the medical field. Applications started using 
standard images in open surgery, but the need to “see” inside the 
human body lead to the use of medical images, e.g., US, MR or CT. 
This paper is tackled the case of ultrasound images for the visual 
feedback of a robotic manipulator performing a orthopaedic surgical 
task. There are also a large variety of tasks involved in performing 

robotics experiments, which needs much time and resources for 
validation. The use of a simulator can ease the development and 
validation processes, allowing to verify the component integration 
and to evaluate their behaviour under different controlled 
circumstances. Simulation is cheaper in terms of time and human 
resources than experiments with real robots and medical imaging 

equipment. Another advantage is that a simulated environment can be 
significantly more complex and larger than a lab environment, and 
meanwhile ensure a perfect repeatability. Nowadays there are several 
robotic simulators, like for example Gazebo, MORSE [1], Webots or 
Microsoft Robotics Developer Studio. After analysing those 
software's we concluded that MORSE was our best choice because it 

is an open-source application that can be used in different contexts for 
testing and verification of robotics systems as a whole, at a medium 
to high level of abstraction. One of the main interests of the simulator 
is that it can be reusable by researchers, engineers and is being 
upgraded as part of multiple projects. Another important thing is that 
the simulator can interact with any middleware used in robotics, e.g., 

ROS [2] or OROCOS [3], and not just impose a format that others 
must adapt to. 

2 MORSE robotic simulator 

The MORSE simulator is an open-source application, that is built 
on top of Blender, an open-source 3D modelling and rendering 
application, using its powerful features and extending its functionality 

through Python scripts and it can be used in different conditions and 
scenarios for the testing and verification of robotics systems. The 

simulator contains a library of simple components that can be 
assembled together with others, and each component consists of a 
Python and a Blender file. The Python file defines an object class for 
the component type, with its state variables, data and logical 
behaviour or methods. The Blender file specifies the visual and 
physical properties of the object in the simulated world. There are 

currently three different kinds of robotics components defined in 
MORSE. The first are the sensors that can recover data from the 
simulated world and emulating the functionality of the real sensors. 
Then we have the actuators that produce actions upon the associated 
robots or components. Finally are the robots where the sensors and 
actuators are mounted. Besides those, there are other classes we can 

use like scenes, middleware and modifiers. The scenes are modelled 
environments, created with Blender, where the robot will interact 
during the simulation. Middleware is an intermediate layer between 
the simulator and different software systems that enables them to 
communicate and share data. In order to approach the values obtained 
in the real world we can use modifiers that have the role to alter the 

data produced by the simulator, mostly by using noise functions. Our 
objective is to use these tools in order to simulate a surgery room 
environment with an ultrasound guided robotic system designed  

Figure 1: Simple demonstration of how ROS manage the data flow in 
the intermediate layer, between MORSE and Blender, during the 

simulation. 
 

for orthopaedic surgery. Other important step is to recreate in Blender 
a 3D bone registration module, between intraoperative 3D point data 
from US images, and pre-operative 3D point data obtained from CT 
images. The 3D registration module that we are going to use its 

obtained through bone contour segmentation from ultrasound images 
and afterwards, using point cloud algorithms the 3D registration is 
performed. 

To keep in track every component position or motion and receive 
or send data in real time we require additional software linked to 
MORSE. To achieve this we are going to use a specific middleware, 

OROCOS connected with Robot Operating System (ROS), both 
open-source software frameworks for robot software development, 
that will manage the intermediate layer between MORSE, Blender 
and Linux. In Figure 1 is depicted how ROS manage the data flow in 
the intermediate layer, between MORSE and Blender, during the 
simulation. The fundamental concepts of ROS implementation, to 

manage the intermediate layer, are nodes, messages, topics and 
services. Nodes are processes that perform computation and a system 
is typically comprised of many nodes. In this context, the term “node” 
is interchangeable with “software module”. Nodes communicate with 
each other by passing messages, that is a strictly typed data structure. 
A node sends a message by publishing it to a given topic, which is 

simply a string such as “odometry” or “map.” A node that is 
interested in a certain kind of data will subscribe to the appropriate 
topic. The topic-based publish-subscribe model is called service. The 
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service is defined by a string name and a pair of strictly typed 
messages, one for the request and the other for the response. 

3 Ultrasound Guided Robotic System 

In this section is depicted the software tool (SWT) that is used for the 

MORSE simulation and afterwards will be used for the real-time 
control of the system. 

 
 
 
 

 
 
 
 
 
 

 
 
 
 

Figure 2: Software Tool Architecture diagram. 
 

The Software Tool architecture is depicted in figure 2. The libraries 
IGSTK [4], OpenCV [5], OROCOS/ROS and PCL, play a decisive 
role in the interaction between the SWT and the physical devices: US 
probe, NDI Polaris Tracker, Robot Manipulator and the visualization 
hardware. The SWT is multi-platform, although we are using 
UBUNTU, linux. IGSTK (Image-Guided Surgery Toolkit), sets the 

bi-directional communication with the Polaris Spectra and with 
OpenCV. The later is responsible for acquiring and processing the 
acquired US images. These two libraries are responsible for the 
calculus of the 3D Point Clouds, from the US probe and Polaris data. 
Through the function igstk::PolarisTracker inserted in the class 
igstkNDITracker, it is possible to communicate with the Polaris 

Spectra system, start communications and store data of the location of 
the probe in the 3D space. OpenCV is responsible for the acquisition 
of the US images, that arrive by a off-the-shelf video card, placed in 
the workstation. Using classes and features from OpenCV the 3D 
Point Cloud is obtained using algorithms based in image 
segmentation and tracking of the contour bone, that are implemented 

in the SWT. It processes each US image, locates them in 3D space 
with information that arrives through IGSTK and follow the 
movement of the bone, based on the information of its contour in 
each US image. The SWT creates a 3D point cloud, to be processed 
by PCL, that is responsible for visualization and the registration 
between the intra-operative and the bone model 3D point clouds. 

The OROCOS project is an Open Robot Control Software that have 
ROS bindings to interact with MORSE and the simulation scenario 
therein, developed in C++, with a very important role in the SWT, 
i.e., it can be easily simulated and deployed to the robot controller. It 
is responsible for controlling the robot, based on the information 
gathered from the surgical environment. If the position and 

translation of the femur changes during the surgery, the robot 
manipulator will compensate for the pre-operative position and 
orientation of the femoral head, and be correctly positioned to 
perform a drilling task. 

4 The Simulated Scenario 

This section presents the first results obtained at the current 
developing stage of the simulations. At this point and regarding figure 
2, the SWT have a stable link between all modules. The robot 
manipulator used for the simulations is a KUKA LWR arm actuator, 
the orange robot manipulator in figure 3. It is a robotic arm composed 
of 8 segments and an armature that controls its movement. This 

actuator reads a set of seven joint angles to move the robot links, 
obtained from the robot inverse kinematics of the drilling point of the 
femoral head referred in the last section, and obtained from the US 
images and the Polaris tracker. The armature can also send data about 
the minimum and maximum angles that any segment can rotate to, 
i.e., to define the robot workspace. With this data we are going to 

program the arm to iteratively adjust the segments to prevent that, in 
any joint rotation command, none of the segments reaches its 
maximum rotation before completing the sequence, or auto collide. 
Its essential to use position sensors to determine if the position of the 

scenario moving parts, is in the robot workspace. For example we 
must know at all time where is the end-effector of the KUKA LWR, 
ant the tool attached to its end-effector. 

Figure 3: MORSE scenario with the KUKA LWR arm appended to 
the Jido robot performing segment rotation. 
 

After creating the surgery room environment, depicted in figure 4, 
and the Ultrasound Guided Robotic Surgery System is installed, our 
goal is to create a Python script, which will run on Python3 through 
the Linux console, with all commands available for the robotic arm 
and sensors, i.e., Polaris and the US probe. 

Figure 4: Development of the surgery room environment. 

5 Conclusions 

Nowadays, simulating robotic systems is essential, specially the 
ones with medical applications due to its complexity and difficulty to 
work with humans or cadavers. MORSE is a useful simulator for this 
task. It is open-source software, which is rapidly evolving and can 
change its behaviour according to the user needs. When controlling 
the KUKA LWR it was verified that the simulator has a huge 

potential and it's very precise executing tasks, presenting smooth 
trajectories when using top-end graphic cards. When using ROS as 
the middleware, the communication between several modules, 
working in a second computer, is performed using sockets. The 
ultrasound probe and the Polaris tracker are connected to the second 
computer, that processes the signal and sends real data to the 

simulator, responsible to perform the simulated robotic surgery. The 
deployment of the simulation to the real robot controller can be 
performed using OROCOS or the FRI, i.e., the KUKA control 
interface. 
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Abstract

This paper addresses the problem of providing effective situation aware-
ness to the operator of a remote vehicle. To this end, we propose the use
of a stereo camera pair, mounted on a pan and tilt servo system, together
with an Head-Mounted Display (HMD) worn by the operator. The HMD
is equipped with a head tracker, providing the attitude of the operator
head. The goal of this system is to stream into the HMD images taken by
the stereo cameras, such that this stream is perceived with the same atti-
tude (appart from a fixed rotation along yaw axis) than the one of the op-
erator head. This is accomplished by an hybrid approach, combining pan
and tilt movement of the servo system, with a virtual pan, tilt, and roll by
rectification of the images. This rectification, on the one hand, overcomes
the dynamical limitations of the servos, in terms of responsiveness, and
on the other, introduces roll rotation of the images (not possible since the
camera mounting does not possess that degree of freedom). This arrange-
ment allows not only an immersive experience to the operator, but also
decouples the kinematic control of the vehicle from the camera attitude
control. A prototype of the complete system is currently in operation.

1 Introduction

The utilization of search and rescue robots in danger scenarios is becom-
ing a more and more common practice with the advance that this area have
faced through the last decade. These robots are often remotely operated
by humans.The operator task is quite difficult: besides paying attention to
the sensors information while driving the robot, the operator must fully
understand the environment around the robot and the consequences of his
decisions concerning the robot motion. In order to enhance the operator
perception of the environment, we propose to use a 3D vision system.

The system is comprised by an Head Mounted Display (HMD) that
provides 3D vision to the robot operator. The 3D images are captured by
a stereo camera mounted on a pan and tilt system(figure 1). The HMD
contains an head tracker, providing the operator head attitude (figure 2).
With this setup the pan and tilt system will follow the head attitude, pro-
viding a more intuitive control of the camera orientation. Studies have
shown that this setup enhance the operator situational awareness, grant-
ing a more safe control of the robot [3]. The main problem of this setup
is the pan and tilt motor responsiveness. This response tends to be slow
for large changes in the camera orientation, which results in a lagged ex-
perience for the operator. Also, generic pan and tilt systems have low
resolution stepper motors, that may lead the operator to experience some
flicker in the image for small pan and tilt movements. To overcome these
limitations a virtual pan, tilt and roll method is applied to the stereo im-
ages. This method combined through a controller, with the mechanical
servos position, provides a much more fluid experience for the operator.
This work was developed in RAPOSANG-NG1, a tracked wheel robot
designed for search and rescue operations.

2 Related Work

Virtual pan, tilt and zoom to simulate real pan, tilt and zoom cameras
is a well discussed subject [4]. It is achieved by selecting a Region Of
Interest - ROI - from a wide and high resolution image. Moving this ROI
through the image according to a user input provides the user with a pan
and tilt feel. If the ROI size is adjustable then the user experience a zoom
in/out effect. The main advantage of virtual pan and tilt is that the camera
keeps still while the user navigates through the scenario. Although this
approach provides a fluid experience to the operator, it fails in providing
the right perspective if the scenario is not far enough. The implementation

1http://mediawiki.isr.ist.utl.pt/wiki/RAPOSA_robot

of stereo vision through an HMD for search and rescue robots immersive
teleoperation, have shown big improvements in the operator situational
awareness [1, 3].

Figure 1: RAPOSA-NG frontal body.

Figure 2: Head Mounted Display and detailed tracker position.

3 Controller Design

Figure 3: Block diagram of the controller designed to integrate Virtual
pan and tilt with the physical pan and tilt.

The proposed controller is presented in figure 3. It can be divided in
two major blocks: the (1) Virtual Pan, Tilt and Roll block, VPTR, where
the virtual pan, tilt and roll method is applied to the stereo images, and
(2) the mechanical pan and tilt system controller.

Let ΘHMD be the head mounted display attitude and ΘPPT the phys-
ical pan and tilt orientation, both in roll-pitch-yaw angle representation
(rpy). The VPTR block compensates the error between both orientations,
∆Θ through the method presented in the next section. The error ∆Θ, in
rpy, can be defined has

∆Θ = ΘHMD−ΘPPT = [∆Θr, ∆Θp, ∆Θy ]
ᵀ (1)

The pan and tilt controller comprises a cascade of blocks: an hysteresis,
a proportional block, an integrator and a saturation block. The hysteresis
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block applies a non-linear transformation in the error ∆Θ providing two
work modes: the active mode and the idle mode (figure 4).In the active
mode the hysteresis block output, H(∆Θ), is equal to the input ∆Θ.

In the idle mode the output of the controller is zero and only the VPTR
block compensates ∆Θ. The switch between modes happen when:

• −iα < ∆Θα < iα the controller enters idle mode,

• −aα > ∆Θα > aα the controller enters active mode,

with α ∈ {r, p,y}. Also, aα and iα are adjustable, to provide a smooth
transition between hysteresis modes in all the orientations. The pan and
tilt system does not provide roll movement, so the roll error is only for
VPTR. The hysteresis idle mode prevent small head movements induce
a motor movement, being the image perspective corrected by the VPTR.
The active mode enables the controller to change the camera orientation
while |∆Θ|> i. The proportional block converts the error ∆Θ into motors
velocity vre f . The saturation block imposes a limit to the velocity refer-
ence of the servos. The integrator converts vre f into a position reference,
since the servos are controlled in position. These blocks sequence make
possible to use the position sent to the motors as an estimate has ∆PPT
because the saturation block prevents velocities higher than the motors
maximum speed, granting that the motor position sent is always achieved.

Figure 4: Hysteresis block transfer function. In red (where H(∆Θ) = ∆Θ)
is represented the Active mode and in green (between −a and a, where
H(∆Θ) = 0 ) the Idle mode.

4 Virtual pan, tilt and roll

Figure 5: Virtual pan, tilt and roll geometry. The virtual camera image, in
dashed line, is a rotation of the real camera image over the optical optical
center C.

The virtual pan and tilt is achieved by projecting the stereo images
through a new orientation. Applying the pin-hole camera model (figure
5), the line that connects a point in the world, W , to the camera optical
center, C, can be parameterized [2] apart a constant λ , in homogeneous
coordinate by

W =C+λQrc
−1w̃rc (2)

where w̃rc is the coordinates of the image pixel in homogeneous coordi-
nates. Qrc = ArcRrc, is the product between the intrinsic parameters ma-
trix Arc and Rrc, the rotation matrix, between the world frame and the real
camera frame. The virtual camera orientation is achieved by a rotation
of the real camera orientation over C. As both virtual and real cameras
share the same optical center C, to the same point W one can write for
both virtual and real cameras{

W =C+λrc Q−1
rc w̃rc

W =C+λvc Q−1
vc w̃vc

(3)

where the vc index stands for virtual camera and rc index for real camera.
The relation between w̃rc and w̃vc is then given by

w̃vc = λ Qvc Q−1
rc w̃rc , λ = λvc/λrc (4)

The virtual and the real cameras are the same, meaning that both have the
same intrinsic parameters, thus Qvc = ArcRvc, where Rvc is the rotation
matrix between the real camera and the virtual camera. If the real camera
and the world share the same reference then Rrc = I, the identity matrix.
Then equation (4) becomes

m̃vc = λ ARvc A−1 m̃rc (5)

Given a rotation matrix between virtual and real cameras, equation (5)
relates the real image pixel coordinates with the virtual image pixel co-
ordinates. As this method projects the image through a new orientation
provided by the rotation matrix, the image perspective changes, and the
user perceives like he is moving the real camera orientation. For the con-
troller presented in the previous section, the rotation matrix is calculated
from the error ∆Θ, providing to the operator the correct perspective for his
head attitude. As one can see in figure 6 although the image used to ap-
ply the virtual pan, tilt and roll method was taken with a different camera
angle, the angles between the objects in both images are very similar.

Figure 6: Top Left image: taken with real camera tilt orientation of 22◦.
Top Right image: taken with the real camera tilt orientation of 0◦ and then
applied the virtual pan, tilt and roll method with a tilt angle of 22◦.Bottom
image: In red are the pixels origin position and in blue their destination.

5 Conclusions and Future Work

In this paper we propose a controller to integrate virtual and real camera
controls in order to improve the situational awareness of a search and res-
cue robot operator. The controller have been implemented in RAPOSA-
NG. It showed to be comfortable and to provide an immersive perception
of the environment while teleoperating the robot. The virtual pan, tilt and
roll method achieves it’s purpose providing the rectified image perspec-
tive to the operator. In recent future, a case study will be done in order to
confirm these results.
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Abstract

Hepatic steatosis is a common histological feature in chronic hepatitis C
(CHC). In this paper1 , some experiments are made to test the usefulness
of monogenic filter based features in the discrimination of hepatic steato-
sis from ultrasound images and to study the use of the Bayes factor as a
tool to evidence the presence of hepatic steatosis in patients with CHC.
The effectiveness of our method shows the usefulness of the extracted
features, achieving an overall accuracy of 93.33%, in the detection of se-
tatosis from ultrasound images and the potential for physicians to quantify
the evidence of liver steatosis in CHC patients.

1 Introduction

Fatty liver infiltration, called hepatic steatosis (HS), occurs when the fat
content of the hepatocytes increases [13]. Worldwide, the prevalence of
HS has increased, in great part associated with obesity, insulin resistance
and alcohol [2].

HS is a common histological feature of chronic hepatitis C (CHC) [1]
and it has been shown that CH can directly induce HS. CHC is a more
severe chronic liver disease with high mortality and morbidity rate. In
patients with CHC, necropsy studies detected HS in 31% to 72% of cases,
and liver biopsies have demonstrated the presence of HS in approximately
50% of the cases [9]. Compared with the general population, patients with
CHC have 2.5 times higher prevalence of HS [14].

Liver biopsy remains the reference exam for HS [2]. The need for
biopsy reduction has led to the development of non-invasive methods.
Among the new techniques for HS assessment, imaging methods are
widely reported in the literature. Ultrasound (US) is a first line tool due
to its non-invasive, low price, accessible, and non-ionizing nature.

HS leads to an increase of brightness and textural characteristics
changes in the US image. However, the source of these changes may be
in reflective echoes arising from other hepatic diseases, such as cirrhosis
[12]. Care should be taken in a direct classification decision between
HS and CHC/cirrhosis classes. The difficulty in a classification decision
between HS and CHC/cirrhosis classes is expressed in several studies [7,
8, 15]. Due to the high probability of CHC patients develop HS these
classes should not be treated as independent cases.

A large spectrum of studies has debated the optimal and sub-optimal
features extracted from US images for HS classification purposes. In this
study, we introduce the monogenic filter as a feature extraction algorithm.

The novelties of this study are the investigation of the presence of HS
in CHC patients, based on the evidence provided by the Bayes factor; and
the extraction of monogenic filter features for the classification of HS.

1.1 Problem Formulation

In this study, the problem is formulated in two phases: I) Establishment
of baseline values extracted from the classification normal versus HS
classes; and II) testing the algorithm in patients with CHC and compare
the obtained Bayes factor values with the baseline.

In the first phase, we find the feature set that best discriminates HS
from normal livers, train it with the Bayes classifier and calculate the
Bayes factor to create the baseline values.

A novelty of this study is the extraction of features from the imple-
mentation of Felsberg’s monogenic filters (MF) [3] based on the extension
to 2D proposed by [6]. Three filter scales are used in this study. From
each filter level scale we obtain: a) monogenic Amplitude response (A);

1This work was supported by the FCT project [ PEst-OE/EEI/LA0009/2011]

b) phase orientation response (θ ); and c) phase angle response (ψ). Given
a two dimensional signal f (x), x ∈ R2, Felsberd and Sommer [3] define
the three-component monogenic signal as

fm(x) = ( f (x),Re(R f (x)), Im(R f (x))) = ( f , f1, f2). (1)

The local amplitude of the signal is give by A(x) = ‖ fm(x)‖=√
f 2 + f 2

1 + f 2
2 , while its local orientation θ and local phase ψ are speci-

fied by the following relations

f = Acosψ, f1 = Asinψ cosθ , f2 = Asinψ sinθ . (2)

From each response we extract the Autoregressive (AR) coefficients
of a first order 2D model; energy and mean. For comparison purposes, we
also extracted some common features referred in the literature, as shown
in Table 1.

Features
Acoustic attenuation coefficient, measured by the slope coefficient of the linear
regression of intensities along the depth/lines [4]
First-order statistics, including the mean, standard deviation and kurtosis of the
pixel gray level;
Haar wavelet decomposition, where for HL1,2, LH1,2 and HH1,2 it is calculated
the AR coefficients of a first order 2D model, {a0,0,a1,0,a0,1}, energy and mean.
Autoregressive (AR) coefficients of a first order 2D model, {a0,0,a1,0,a0,1}.

Table 1: Features extracted from the US images

Three feature sets are compared in the training phase: A) 29 Wavelet
based features; B) 46 MF based features; and C) 99 features, representing
all the extracted features. The selection of features, for each feature sets,
was obtained by using the stepwise regression analysis [11] method (cri-
terion to add: p < 0.05; to remove: p > 0.1). This algorithm produced an
optimal subset of 4 features for set A and 6 for set B and C.

The selected feature set is then fed into the Bayes classifier. The Bayes
classifier assumes that the vector of features are multivariate normal dis-
tributed [10, 15] with different means, {µ1,µ2} and covariance matrices,
{Σ1,Σ2}. The corresponding quadratic discriminant functions

gτ (x) =−
1
2
(x−µτ )

T
Στ (x−µτ )−

1
2

log |Στ |+ logP(wτ ), (3)

with τ ∈ {1,2}, are used in the classification of a given feature vector x
according with

{
1 if g1(x)> g2(x)
2 otherwise

(4)

The performance of each feature set is analyzed by means of the over-
all accuracy (OA), sensitivity and specificity, in a leave-one-out cross-
validation basis.

The Bayes factor is calculated to quantify the confidence level of the
classification. It is defined as follows,

Λ =
gF (x)
gN(x)

(5)

The values obtained for the normal and steatosis class are considered
the baseline values and are used to assess the steatosis evidence in patients
with CHC.

In the second phase, the test sample (CHC class) is used. The clas-
sification and Bayes factor, for each, is calculated and compared with the
baseline values. The comparison is based on the mean and standard devi-
ation of each class.
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Figure 1: Estimated probability density for the obtained Bayes factor of
Normal, Steatosis and CHC class.

1.2 Experimental Results

A total of 106 US liver images from 106 patients were enrolled in the ex-
periments: 36 patients constituted the control group; 38 were diagnosed
with HS; and 32 with CHC. The patients were selected from the Gastroen-
terology department of the Santa Maria Hospital, in Lisbon, with known
diagnosis based on liver biopsy results. The US images were acquired by
expert operators in the hospital facility. A ROI of 128×128 pixels along
the medial axis was extracted from each image.

The performances of the Bayes classifier with the 3 proposed feature
sets are shown in Table 2. On comparison with feature set A, B set yields
higher rate of correct classification. However feature set C outperforms
feature set A and B. This set is composed of 2 features extracted from the
wavelet transform, kurtosis and 3 features from the monogenic filter, as
shown in Table 3.

Feature Set Results
Normal (%) Steatosis (%) OA (%)

(A) Wavelet 78.95 81.08 80.00
(B) MF 81.58 86.49 84.00
(C) All 92.11 94.59 93.33

Table 2: Bayes classifier results, detection rate (DR) and OA, for the tested
feature sets.

Using the classification results obtained with the feature set C, the
baseline Bayes factor values were calculated, having a mean value of
−2.279 and 2,226 and a standard deviation of 2.182 and 2.059 for normal
and HS classes, respectively.

Feature Normal HS CHC
a1,1 HL1 0.127±0.217 0.045±0.155 0.047±0.177
a1,1 LH1 -0.057±0.115 -0.009±0.071 0.009±0.052
Kurtosis 1.226±2.196 0.257±0.902 0.335±1.430
Mean θ1 0.438±0.712 0.129±0.439 0.110±0.408
a0,1 A3 -0.255±0.414 -0.074±0.252 -0.063±0.235
a1,1 θ3 0.165±0.270 0.049±0.166 0.042±0.154

Table 3: Selected features values (mean±sd) of the considered classes.

The prevalence of steatosis in HCV patients varies between 40% and
80%, according to the risk factors associated with it. If all risk factors are
controlled/removed, steatosis still appears in 40% in HCV patients [14].
In the present study, classification results associated 78% (25/32) of the
patients with CHC to steatosis.

The results from the Bayes factor approach reveal a mean value of
2.258 with 2.612 of deviation for CHC class. Bayes factor mean value
obtained for CHC class was superior to 2, which is considered to be a
decisive [5] evidence towards the presence of steatosis. Figure1 shows
the estimated probability density for the calculated Bayes factor of the
considered classes.

1.3 Conclusions and Future Work

In this paper a new CAD system for steatosis analysis in patients with
CHC is presented, developed from US-based features, extracted mainly
from monogenic filter components, and using a Bayes classifier.

Among the three different sets of features tested, the best result, in a
leave-one-out basis, led to an OA of 93.33% with a sensibility of 92.11%
and 94.59% for normal and steatosis class, respectively.

An important result from this preliminary study, was that the AR co-
efficients, extracted from the monogenic filter components, are particular
discriminant for the classification of liver steatosis by US images.

Based on the results, steatosis assessment in patients with CHC, de-
scribed by means of the Bayes factor ,can provide useful information to
the physician about the confidence of the classification as well as the clas-
sification itself.

Further studies are needed, particularly, with an increase of number of
samples per class and the integration of laboratory and clinical features.
Another issue is that in clinical practice it is important to discriminate
between different steatosis stages. For further studies, this topic will be
attempt by changing the classification and display schema to handle mul-
tiple classes.
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Abstract 
Automatic Speech Recognition (ASR) can be applied to children language 

learning as a diagnostic tool for mispronunciations or speech therapy purposes. 

This is a well known challenge, not only because of the linguistic variability of 

children's speech, when compared to adults’, but especially because of its 

acoustic characteristics. This study proposes an approach to detect 

mispronunciations or speech disfluencies in young children. The actual phoneme 

sequence and the likelihood values (provided by the Viterbi decoding of the 

speech signal) and the correct phone sequence are compared giving rise to an 

indication whether the word was mispronounced or not. Results show that the 

likelihood value may be used as a fairly good indicator of speech disfluency and 

other articulatory difficulties. 

1 Introduction 

Articulatory disorders affect a significant number of children especially 
in preschool age. It relates to a difficulty in the production of particular 
phonemes which are mispronounced, omitted or replaced. These 

disorders lead to verbal communication problems which get worse when 
the child begins its education, not only because of the difficulty in 
communicating but also due to the social problems that appear. Studies, 
conducted in several Portuguese regions, show that 20% to 30% of 
Portuguese children in preschool and first cycle ages require 
intervention at the level of speech therapy [8].The differences in 

physiology of the vocal tract and the fast growth in children have long 
been the appointed causes for the lack of good results in the 
performance of speech recognition systems for children, particularly of 
young age [2] [3] [4]. Due to a shorter vocal tract, children have higher 
formants than adults and also higher fundamental frequencies (a 5-year-

old child presents formant values 50% higher than an adult male, [10]). 
Children speech also presents high spectral variability and speaking rate 
and high degree of spontaneity. These characteristics represent sensitive 
issues to develop effective acoustic, language and pronunciation models 
[9] for reliable recognition of children's speech.  

In literature some of speech therapy systems can be found for several 
languages, namely English, [11], German, [12], Romanian, [13], Arabic, 
[17], Italian, [12], Spanish [16], Brazilian Portuguese, [14], etc. As far 

as we know, no European Portuguese system has yet been developed. In 
[14], it is presented a very interesting work for Brazilian Portuguese 
where several games were developed to improve phonoarticulatory 
coordination of children and young deaf people (e.g., control of the 
airflow and fundamental frequency and positioning articulation of 
fricatives and vowels). Carvalho in [15] proposes an interactive 

application completely controlled by the utterance of 5 European 
Portuguese vowels.  

Besides the lack of systems in Portuguese there is, to the best of our 
knowledge, no system that detects children’s speech disfluencies. This 
paper tackles this issue. A set of phone acoustic models has been 
developed in order to recognize the children's pronounced phone 
sequence. Two grammars were used to decode this phone sequence: a 
grammar where the phone sequence is known and corresponds to 

transcription of the word the child is supposed to pronounce, and a free 
grammar with no restrictions in the phone sequence. The two phone 
sequences and the corresponding likelihoods were compared giving rise 
to an indication whether or not the word was well pronounced.    

2 Children phone recogniser 

A children phone recogniser was developed using tools provided by the 
HKT toolkit [7]. Hidden Markov Model (HMM) acoustic models were 
built for each European Portuguese phone using HTK3.4. Each phone 
was modelled by a three-state left-to-right HMM. The input features 
were 12 Mel-frequency cepstrum coefficients (MFCC) plus c0 (the zero-
order MFCC coefficient), and their 1st and 2nd order time derivatives, 

computed at a rate of 10ms with a Hamming window of 15ms. The use 

of shorter windows than those regularly used in speech processing was 
chosen in an attempt to reduce the impact of the high pitch in the 
spectral parameters. The maximum likelihood criterion was used for 
training. Only acoustic models were employed in phone recognition: no 
language model was used. The phone models were trained by means of 
re-estimations and forced alignment. Additionally, the number of 
Gaussian Mixtures was increased up to 16 mixtures. 

Both training and testing were carried out using A European Portuguese 

Children Speech Database for Computer Aided Speech Therapy [1]. It 
comprises 3726 audio files, collected from 111 children in kindergartens 
in the central region of Portugal, aged 5 to 6 years old.  

In the audio recordings, the children would often hesitate or change their 
minds mid-sentence, laugh or breathe heavily and would rarely speak 
only the required word, thus resulting in several extra-linguistic and 
linking words in the annotations. For training purposes the original 
database files were cut, separating relevant speech words from the 

remainder of the audio. Both training and testing were carried out using 
this database and its original phone set [1]. The training set consisted of 
80% of the data base and the test set consisted of the remaining 20%. 

The model training process followed closely the instructions in [7] and a 
flat-start strategy was chosen to initiate the models since the label files 
had no phone-level information (only whole words were tagged). All the 
models were initiated equally, with mean and variance values equal to 
those of the global speech. 

3 Disfluency Detection Procedure 

To verify the accuracy of the word articulation, the values of the 
likelihoods calculated through the recognition process were analysed. 
Different grammars given to the recognition system, produced changes 
in the Viterbi paths and, as a consequence, different likelihood values. 

Usually, for ASR systems, a list of words is given, typically represented 
by a network of word lattices (with the phone sequences permitted) to be 

used as a dictionary, with a list of which words the system can 
recognise. The recogniser can pick from those the one that best 
corresponds to the extracted parameters from the data being analysed. If  

the system knows the expected word a priori, it also holds the 
knowledge of the phone sequence and thus, it can force the recognition 
of that sequence of model phones. This corresponds to use a grammar 
(force alignment grammar) that gives the best alignment path between 
data and HMM models. If the phone models are robust, the likelihood 

calculated for each phone, and for the word as a whole, can be used as 
good indicators of weather the word was pronounced adequately or not. 

In this study we propose that the system uses two different grammars 
during the recognition process: a force alignment grammar (the phone 
sequence is given to the recogniser) and a free grammar (the recognizer 
is free to choose the sequence of phones). Using a free grammar the 
Viterbi alignment is not conditioned to a grammar of words. At each 
step any phone can be chosen, resulting in a final sequence which may 

not correspond to a real word and thus presenting a lower likelihood. 
Figures 1 and 2 show examples where both grammars coincide in the 
sequence of phones (presented in the phonetic alphabet SAMPA) and 
where they differ. The times are indicated in units of cents of 
nanoseconds (10-7 s). Figure 1 a) presents the alignment results using the 
force alignment grammar and b) using the free grammar. In this case, 

the two grammars produced the same results and even the same 
likelihood values. This generates strong evidence that the child uttered 
the word accurately. Considering the example in Figure 2, some changes 
can be observed in the outputs produced by the two grammars. The 
phone sequence attained with the free grammar (Figure 2 b) differs from 
the expected sequence (force alignment grammar) having one 

suppression and one phone insertion. The correct word is “coroa” (kuroª 
in SAMPA) and the recogniser indicates that probably it was said “croa” 
(kroaª in Sampa). 
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Figure 1: Alignment results of an audio file with the word ‘prato’  
passed through the recogniser, using the expected phone sequence (a) 
and a free phone sequence (b).  

 

 

Figure 2: Alignment results of an audio file with the word ‘coroa’ 
passed through the recogniser, using the expected phone sequence (a) 
and a free phone sequence (b). 

As expected, the recogniser which uses the free grammar produces 
likelihood higher values than the ones calculated forcing the Viterbi path 
through the expected phone sequence of the word. This has allowed us 
to infer about the quality of pronunciation of the word, i.e. about the 
detection of children speech disfluency. 

4 Experiments and Results 

Experiments where performed using the complete test data set. The 
recognizer ran a first time with a grammar allowing linking words, 
silence and non-linguistic events before a target word. This is necessary 

in order to spot a spoken word and its time limits. Then, using these 
limits, the recognizer is applied twice, using both the force alignment 

grammar and the free grammar.. A discriminant measure is defined as 
the log likelihood difference between the two decoding results using the 
Viterbi algorithm. Finally, a decision about the correctness of the 
pronunciation is made. This information was summarised in the form of 

a binary classification problem with the hypothesis H0: ‘The child 
pronounced correctly the required word.’ Two errors can occur, a false 
rejection (FR) of a correctly pronounced word (type I error) or a false 
acceptance (FA) of a mispronunciation word (type II error).  

In order to have a large number of mispronunciations to test the null 
hypothesis, we simulate a different expected word than the one uttered 
by the child by randomly choose a word from the list of existing words 
in the corpora for a given utterance. These values were used to 

understand how much the changes in the phone sequences would 
influence the likelihood values. 

The trade-off between FA and FR errors are usually presented in a 
graphical form known as DET (Detection Error Trade-off) plot, which is 
shown in Figure 3 for our case.  Each point in the DET plot represents a 
single chosen threshold. Using this graph, a good point may be to 
choose a threshold for which we get 5% of FA against 1% of FR. 

 
Figure 3: Detection Error Trade-off  (DET) curve.  

 

5 Conclusions 

The goal of the proposed approach is to take advantage of the likelihood 
values from the Viterbi alignment, in order to infer about the detection 
of children speech disfluency. Two alignment sequences where 
compared: one where the recogniser knows the expected phone 
sequence and other where the recogniser is free to choose the most 

adequate sequence (the phone sequence that better matches the 
parameters of the data being analysed). The comparison of the 
likelihood values of these two alignment sequences showed to be a good 
indicator for the detection of children speech disfluency. The results 
attained in this study are quite promising, albeit not as precise as would 
be desired. Even though the system and the models aren’t precise 

enough for accurate single phone recognition, the results indicate that 
the mentioned differences in the likelihood values may serve as a fairly 
good indicator of speech disfluencies and other articulatory difficulties. 
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Abstract

Straight lines in 3D scenes and their images, allow to estimate the camera
projection matrix and radial distortion, using theDLT-Lines calibration
methodology. In this paper we detail theDLT-Lines and analyze the effect
of image resolution based on a synthetic setup having calibration ground
truth. More precisely, we consider noise in the 2D data of the synthetic
setup, i.e. induce uncertainty in the estimated calibration parameters, and
thus assess the benefit of augmenting the camera resolution.

1 Introduction

Laser range finders and color-depth (RGBD) cameras make the process of
acquiring 3D data of a scene simpler. In particular, these sensors allow to
obtain 3D lines/points on the scene that can be matched with lines/points
imaged by a standard (RGB) video camera. These matchings have been
shown to be useful for the calibration of networked RGB cameras [4, 5].

A set of 3D-to-2D point correspondences and the Direct Linear Trans-
formation (DLT) permit to estimate the camera intrinsic parameters, ori-
entation and position in a global frame [2]. In case of having just image-
lines containing the images of the 3D points, calibration is still possible
using the so calledDLT-Lines methodology [5]. Considering theDivision
Model for radial distortion, introduced by Fitzgibbon [1],DLT-Lines also
allows the calibration of cameras with radial distortion [5].

Given thatDLT-Lines is based on 3D and 2D data (see example in
Fig.1), it is prone to measurement errors both in the 3D and 2D data
sources. In this paper we use the uncertainty caused by the 2D noise
on the calibration process, to help assessing, numerically, the benefits of
improving the camera resolution.

2 Camera Model and DLT-Lines

The perspective camera model describes the mapping of the 3D space to
the 2D projective plane [2]. According to thepin-hole camera model, a
scene point in homogeneous coordinatesM = [X Y Z 1]T is imaged as a
point m = [u v 1]T :

m
.
= P M = K [R t]M (1)

where
.
= denotes equal up to a scale factor,P is a 3×4 projection matrix,

K is a 3× 3 upper triangular matrix containing the intrinsic parameters
of the camera,R is a 3×3 rotation matrix representing the orientation of
the camera andt is a 3×1 vector representing the position of the camera.
The rotation and translation are defined with respect to a fixed absolute
(world) coordinate frame.

Thepin-hole parameters can be estimated using image lines and scene
points [5]. The projection of a 3D lineLi on the camera image plane can
be represented by the cross product of two image points, in projective
coordinates,li = m1i×m2i [2]. Applying the multiplication bylT

i on both
sides of Eq.1, leads tolT

i P Mki = 0 whereMki is a 3D point in projective
coordinates lying inLi. The properties of Kronecker product [3] allow to
obtain a form factorizing the vectorized projection matrix:

(MT
ki ⊗ lT

i ) vec(P) = 0. (2)

ConsideringN ≥ 12 pairs(Mki, li), one forms a matrixB, N × 12, by
stacking theN matricesMT

ki ⊗ lT
i . TheDLT-Lines calibration data is illus-

trated in Fig.1. It consists of paired 3D points and 2D lines. Alternatively,
given a 3D lineLi and its projection represented by the image lineli, any
3D point lying on the 3D lineLi can be paired with 2D lineli. On the
other hand, any image lineli can be paired with any 3D point lying on
Li, i.e more than one image line can be paired with a 3D point. The least
squares solution, more precisely the minimizer of‖B vec(P)‖2 subjected

(a) Image acquired by the camera to calibrate

(b) Calibration data, 3D lines

Figure 1: DLT-Lines calibration methodology based on 2D-to-3D lines
and points correspondences. The image data (a) consists of line segments
(red) represented by points (blue stars), while the scene data is formed by
3D lines/points (b). Calibration involves estimating camera pose,[R t],
intrinsic parameters,K, and radial distortion,λ .

to ‖vec(P)‖ = 1, is the right singular vector corresponding to the least
singular value ofB.

Note that the pin-hole camera model, as presented on Eq.1, does not
contain yet the radial distortion. To include radial distortion, we use
Fitzgibbon’s Division Model. As proposed by Fitzgibbon [1] an undis-
torted image point, ˆmu = [uu vu]

T is computed from a radially distorted
image point ˆmd = [ud vd ]

T asm̂u = m̂d/(1+λ ‖m̂d‖
2), whereλ repre-

sents the radial distortion parameter. Fitzgibbon model allows to define a
line l12 as the cross product of two points:

l12 =





u1d
v1d

1+λ s2
1



×





u2d
v2d

1+λ s2
2



= l̂12+λe12 (3)

wheresi is the norm of distorted image pointi, s2
i = u2

id +v2
id , the distorted

image line is denoted asl̂12= [u1d v1d 1]T ×[u2d v2d 1]T and the distortion
correction terme12 = [v1ds2

2− v2ds2
1, u2ds2

1−u1ds2
2, 0]T . Applying Eq.3

on Eq.2 leads to the following equation:
(

MT
k12⊗ (l̂12+λe12)

T
)

vec(P) = 0, (4)

which can be rewritten as

(Bki1+λBki2) vec(P) = 0 (5)

whereBki1 = MT
k12⊗ l̂T

12, Bki2 = MT
k12⊗ eT

12 andMk12 denotes thekth 3D
point projecting to the distorted linel12.

ConsideringN ≥ 12 pairs(Mki, l̂i), whereN = kmaximax, one forms
two N ×12 matrices,B1 andB2, by stacking matricesBki1 andBki2. As
proposed by Fitzgibbon, left-multiplying the stacked matrices byBT

1 re-
sults in a Polynomial Eigenvalue Problem (PEP), which can be solved
for example, in Matlab using thepolyeig function. It gives, simul-
taneously, the projection matrix, in the form ofvec(P), and the radial
distortion parameterλ .

105



(a) Calibration Setup and image acquired by the camera

(b) Reprojection error,λ ∈ {0,−10−7
} (c) Kerr, λ ∈ {0,−10−7

} (d) λerr, λ =−10−7

Figure 2: Effect of image resolution inDLT-Lines. The setup is composed by a number of 3D line segments and their images (a). Two cases
considered, undistorted image (black circles) and radially distorted image (red dots), see (a)-right. The reprojection errors (b), and intrinsic errors
Kerr (c) are computed considering both the distorted (lines) and undistorted (dashed lines) cases. Radial distortion error,λerr is computed only for
radially distorted images (d).

3 Experiments

In order to test the effect of different camera resolutions inDLT-Lines, we
considered three synthetic cameras with standard resolutions and common
8mm lens in a 1/4[in] CCD (intrinsic parameters). The cameras are con-
sidered to be at the world origin and aligned with the world frame (R = I).
All image points are distorted using Fitzgibbon’s radial distortion model,
with λ ∈ {0,10−7

}. Figure 2 illustrates the experimental setup (a).
Considering a 3D line segment,Li represented by two 3D points (see

Fig.2(a) blue dots), the corresponding image lineli is defined as a collec-
tion of two or more points selected from the imaged line segment (red dots
and lines, black circle and lines). The imaged line segment is computed
using the camera projection matrix. Gaussian noise is added to the im-
age points after computing the projected image line, and before obtaining
multiple image lines, as cross products of pairs of distorted image points,
which form theDLT-Lines input. The camera projection matrix and the
distortion parameter are estimated usingDLT-Lines (see Eq.5), and the
noisy and distorted image lines according to Eq.4.

Figure 2 compares the performance ofDLT-Lines. The comparison
encompasses the mean reprojection error Fig. 2(b), the mean of the rel-
ative error of the estimated horizontal focal length Fig. 2(c)1 and, in the
caseλ = −10−7, the difference betweenλ and the estimated radial dis-
tortion parameter,λerr. The plots involve 100 calibrations for each noise
level (standard deviation, horizontal axis) and for each image resolution.
Figures 2(b) and (c), show that in our setup the calibration errors of dis-
torted and undistorted cameras are almost equal. In addition, the similar-
ity of the mean reprojection error plot, Fig. 2(b) withKerr plot, Fig. 2(c)
and λerr plot, Fig. 2(d), shows that the common cost function used in
nonlinear calibration, the mean reprojection error, is effectively a good
indicator of the accuracy of the calibration methodology.

4 Conclusions

In this paper, we assess the benefit of image augmenting resolution in the
precision ofDLT-Lines. The assessment consists of testing the calibration
methodology in a synthetic setup, encompassing a distorted or undistorted
imaging system configured at different resolutions. The results show that
the increase of image resolution improves the performance ofDLT-Lines.

1The horizontal focal length relative error is defined asKerr = (K(1,1)−Ke(1,1))/K(1,1),
whereK is the camera true intrinsic parameters matrix,Ke is the estimated one andK(3,3) =
Ke(3,3) = 1. Ke can be obtained by decomposing the estimated projection matrix asPe =
[Ke 0T ] [2]

In terms of future work, we plan to further explore empirical and
theoretical rules stating the required precisions of the 2D and 3D data
in order to obtain a pre-specified precision of the results ofDLT-Lines.
These rules will serve the purpose of building user interfaces helping the
in-situ calibration of networked cameras.

5 Acknowledgments

This work was supported by the FCT project PEst-OE / EEI / LA0009
/ 2011, by the FCT project PTDC / EEACRO / 105413 / 2008 DCCAL,
and by the project High Definition Analytics (HDA), QREN - I&D em
Co-Promoção 13750.

References

[1] A. Fitzgibbon. Simultaneous linear estimation of multiple view ge-
ometry and lens distortion. InProc. IEEE Conf. Comp. Vision and
Pattern Recognition., volume 1, pages 125–132, 2001.

[2] R. Hartley and A. Zisserman.Multiple View Geometry in Computer
Vision. Cambridge University Press, 2000.

[3] H. Lütkepohl. Handbook of Matrices. Wiley and Sons, 1996.

[4] A. Ortega, B. Dias, E. Teniente, A. Bernardino, J. Gaspar, and
J. Andrade-Cetto. Calibrating an outdoor distributed camera network
using laser range finder data. InIROS, pages 303–308, 2009.

[5] M. Silva, R. Ferreira, and J. Gaspar. Camera calibration using a
color-depth camera: Points and lines based dlt including radial dis-
tortion. In Workshop Color-Depth Camera Fusion in Robotics, held
with IROS, 2012.

2

106



  

 

Abstract 
Iterative Closest Point (ICP) is an algorithm employed to minimize the 

difference between two Point Clouds. It is commonly used in medical 

imaging and computer vision applications in robotics, mainly for 

navigation tasks. 

 In this paper, ICP will be used to register 3D point clouds obtained 

from different scans of human bones, in order to localize a robot 

manipulator performing surgical tasks, e.g., drilling the femoral bone.  

 The ICP method implemented in the Point Cloud Library (PCL) was 

used in this paper to register the 3D point clouds obtained from CT 

images. The results obtained from the registration algorithm showed a 5 

mm Root Mean Square Error (RMSE), suitable for the on-going work. 

1 Introduction 

Currently medical/surgical methods aim to be less and less invasive. By 

using three-dimensional models, invasiveness can be reduced drastically 

with the help of various algorithms, allowing to accurately position 

surgical instruments at different locations of the human body, e.g., 

inside or outside. 

 This article focuses on orthopaedic surgery, where obtaining the 

position and orientation of the bones and surgical instruments is very 

important. The objective is to register the intra-operative position of the 

femoral bone to the pre-operative scenario. The pre-operative scenario is 

modelled using a 3D point cloud of the full bone, obtained from 

computer tomography (CT) medical images. The intra-operative 

scenario will be modelled using a 3D point cloud obtained from US 

images, i.e., a small part of the bone. It is also studied the best position 

of the US probe, to capture the intra-operative 3D point cloud, in order 

to obtain optimal results. 

 Medical image processing comprises a set of techniques used to 

extract information, helping healthcare professionals in their diagnoses. 

The medical imaging technology comprises a set of methods for data 

collection, ranging from, the Ultrasound, (US) Computed Tomography 

(CT), Magnetic Resonance Imaging (MRI), among others. 

 Traditionally, these images are presented in the form of two-

dimensional images obtained from devices using the international 

standard DICOM (Digital Image Communications in Medicine). In 

recent years have been developed software platforms capable of 

processing these two-dimensional medical images and get a 3D model 

of the structure under consideration, like ITK, the Segmentation & 

Registration Toolkit [1]. 

 The 3D reconstruction of anatomical structures revolutionized 

medicine, allowing more detailed visualization of anatomical structures 

non-invasively. 

2 Methods 

 Registration is the process of transforming different sets of data into 

one coordinate system. Image registration algorithms can be classified 

according to the transformation models they use to relate the target 

image space to the reference image space.  

 The first broad category of transformation models includes linear 

transformations, depicted in figure 1, which include rotation, scaling, 

and other affine transforms, but not translation (translation is a non-

linear transformation) [2]. 

 The second category of transformations allows 'elastic' or 'nonrigid' 

transformations. Non-rigid transformations include radial basis functions 

(thin-plate or surface splines, multi-quadrics, and compactly-supported 

transformations), physical continuum models (viscous fluids), and large 

deformation models (diffeomorphisms) [3]. 

 One of the most used methods for 3D point cloud registration is the 

ICP (Iterative Closest Point) [4], that is an algorithm employed to 

minimize the difference between two clouds of points. ICP is also often 

used to reconstruct 2D or 3D surfaces from different scans, to localize 

robots and achieve optimal path planning, and to co-register bone 

models (which is the focus of the present paper). 

 

 
Figure 1: Image registration. 

 

 The algorithm is conceptually simple and is commonly used near 

real-time. It iteratively revises the transformation (translation, rotation) 

needed to minimize the distance between the points of two raw scans, 

point clouds. 

 As inputs, the algorithm requires points from two raw point clouds, 

initial estimation of the transformation and a criterion to stop the 

iterative scheme. 

 The algorithm steps are: 

• Associate points by the nearest neighbour criteria; 

• Estimate transformation parameters using a mean square cost 

function; 

• Transform the points using the estimated parameters; 

• Iterate (re-associate the points and so on, i.e., until the stop 

criteria is met or the pre-defined max number of iterations is 

reached). 

 

 The Registration using the Iterative Closest Point (ICP) Algorithm 

from PCL [5], requires an input point cloud and a target point cloud. In 

this paper, the input will be obtained through several slices obtained 

with the aid of an ultrasonic probe, attached to a Polaris Spectra 3D 

tracking device. The target point cloud is obtained through a CT scan. 

The first step of the method is to determine pairs of corresponding 

points. After, an estimated transformation is obtained, that will minimize 

the distances between the correspondences. At the end of the iterative 

scheme, the transformation is applied to align/register the input and 

target 3D point clouds. 

 To obtain the error associated to the registration obtained it will be 

used the root mean square error (RMSE), depicted in equation 1. 

 

RMSE =
1

N i
Vg −

i
Ve( )

2

i=1

N

∑                                  (1) 

 

where Vg are the ground-truth values (obtained from the CT scan), Ve 

are the values to be registered (obtained from a smoothed US scans), n is 

the number of 3D points contained in the point clouds. 

3 Experimental Results 

 The Point Cloud Library (PCL) is a large scale, open project [5] for 

2D/3D image and point cloud processing. The PCL framework contains 

numerous state-of-the-art algorithms including filtering, feature 

estimation, surface reconstruction, registration, model fitting and 

segmentation. These algorithms can be used, for example, to filter 

outliers from noisy data, stitch 3D point clouds together, segment 

relevant parts of a scene, extract keypoints and compute descriptors to 

recognize objects in the world based on their geometric appearance, and 

create surfaces from point clouds and visualize them. 

 To obtain reliable results, of which the best method to use, it is 

necessary to keep in mind several main factors. The task that will be 

performed by the robot, the time available to perform the task, and the 

accuracy required. In the case of medicine the tasks executed are very 
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complex and usually they have to be performed as fast as possible and 

the probability of error should be null.  

 

 
Figure 2: NT point cloud (green) and NC2 point cloud (red). 

 

 The first results obtained using the PCL based ICP, were performed 

with three point clouds. The first one obtained from the CT scan of the 

femur and representing the all bone, pre-operative scenario, NT, 

depicted in figure 2. The second (NC1) and third (NC2) point clouds 

represent two scans of the intra-operative scenario, i.e., the US scans. At 

this stage of the ongoing work, the two point clouds were obtained by: 

cropping the first point cloud and adding a known transformation 

(rotation of 10 degrees for each Euler angle and translation of 10 mm for 

each 3D direction). It was also added speckle noise to both point clouds, 

to simulate the US typical noise. 

  

Point Cloud 1 Point Cloud 2 RMSE [pixel] 

NC1 
NC1A 5.48665 

NT 6.9609 

NC2 
NC2A 18.4754 

NT 18.7774 

Table 1 – ICP based registration results. 

 

In figure 3 is depicted the result of the NC1 point cloud registration 

process, i.e., it was applied to it the transformation matrix obtained from 

the registration process. In table 1 is presented the RMSE error, 6.9609, 

that was obtained using the NT point cloud. If the user enters an 

approximate position of the point cloud, a crop of the NT cloud could be 

performed (obtaining NC1A) and the registration error will diminish as 

presented in table 1 and figure 4. From table 1, it can be observed that 

the 3D position of the point clouds relative to the bone point cloud, NT, 

is crucial to achieve good results, against the point clouds NC1A or 

NC2A. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3: Registration result of NT (green) against NC1 (red). 

 

 

 

 

 

 

 

 

 

 

Figure 4: Registration result of NC1A (green) against NC1 (red). 

The 5 mm error presented in table 1, shows good accuracy, although it is 
not suited for real time registration tasks. A first approach is to reduce 
the number of 3D points in the US cloud, lowering the computational 
burden of the registration.  

The algorithm used for this task creates a 3D grid as a set of small 3D 
boxes in space over the US point cloud data. Then, for each 3D box, its 
centroid is computed from all the points that belong to it. This approach 

assures a representative of the 3D points of the box, i.e., its centroid, and 
not the simple geometric centre of the 3D box.  The down-sampling was 
adjusted with a 1.5 mm

3
 box so that the object does not lose its original 

shape and keeping a small error of 1.5 mm in each direction.  

In Figure 5 it is clearly seen that after down-sampling the cloud have 
fewer points, making the cloud less dense than the cloud of the Figure 4. 
The results obtained with or without the down-sampling approach are 
similar in terms of error but, but with it the processes is performed 20 
times faster.  

 

 

 

 

 

 

 

 

 

Figure 5: Registration result of NC1A (green) against NC1 (red)  
with a down-slampling filter application. 

 

In the future it is expected that with the aid of a high quality GPU and a 
intelligent down-sampling method reduce severely the processing time. 

4 Conclusions 

 In this paper was registered the intra-operative position of the 

femoral bone to the pre-operative scenario, using the ICP method from 

the point cloud library, with success. The pre-operative scenario was 

modelled using a 3D point cloud of the full bone, obtained from 

computer tomography (CT) medical images. The intra-operative 

scenario was modelled using a 3D point cloud simulating a 3D US scan, 

i.e., a small part of the bone. It was also observed that the 3D position of 

the 3D US point clouds relatively to the pre-operative point cloud is of 

particular importance to achieve good accuracy. 

 Future research will be focused in using real 3D US point cloud data 

to register the intra to the pre-operative scenarios, to investigate the 

optimal position of the 3D US point cloud, and to speed the registration 

task. 
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Abstract

In this paper a method for detecting the limits of sport video sequences
shots using the Angular Orientation Partition Descriptor, is described.
This descriptor is particularly suitable for video processing because of
its resilience to rotation and translation.

After the descriptor computation of each individual frame, the K-
Means is computed, resulting clusters of frames. A final refinement of
those frame clusters is achieved using the Euclidean distance between
two adjacent frames descriptors and their statistical properties.

The method is applied to football (soccer) headline sequences down-
loaded from youtube.

1 Introduction

Shot detection on video sequences might have multiple applications in
several domains, like event detection or content extraction and analysis.
Automatic summarization and browsing of the video content [2, 5] suit-
able to result in a faster access to video information, without the waste
of computational and network resources, is of special importance. Even-
tually video parsing and associated labelling, iterative video applications,
or video information retrieval and annotation based on content, are ma-
jor applications where shot detection of video sequences might be very
important. These are very important challenges for multimedia technol-
ogy due to the large amounts of video information available, in particular
over the internet, that demand efficient and reliable search functionalities.
Nowadays, most of the existing content annotation is achieved through
human annotations after visual inspection of the video sequences. With
the available technology is usually difficult to navigate through the video
sequences and find any specific information of interest. Recently a large
number of research works on the domain of video segmentation [1, 2] or
event detection on videos [4] have been published. The central idea be-
hind this research is the development of methods that allow a high level
description of the video information, based on its semantic content.

In this work, the Angular Orientation Partition (AOP) descriptor [3]
is used for shot detection. The AOP provides reliable image description
that allows very effective similar images recognition, resilient to image
rotation and translation. These are the important characteristics that result
in an effective shot detection over video sequences.

The main idea is to produce a reliable tool suitable for the temporal
segmentation of a video sequence. The target application are low quality
videos of Soccer headlines, as those usually available over the internet on
online repositories (like YouTube). For testing, a set of YouTube videos
with Soccer headlines was downloaded.

This introduction, is followed by the shot detection method descrip-
tion. Some results are shown. Finally, a conclusion will be reported.

2 Video Shot Detection

The video shot boundaries detection is based on the following steps:
1) Computation of the AOP descriptor for all frames of the video se-
quence.
2) Clustering the AOP frame descriptors using the K-Means algorithm.
3) Every isolated frame descriptor, located between two frames that be-
long to the same cluster, and that has a different cluster allocated, is
changed to the neighbourhood one, to keep the cluster continuity. The
same is done for every two joint clusters, located between two frames that
belong to the same cluster.
4) Computation of the border regions using the Euclidean distance, dE
between consecutive frames.
5) Mark all the extremes that have an Euclidean distance larger than a
threshold distance dT : dE > dT = M10 + Se×σ10, where M10 e σ10 are
the median and standard deviation of 10 samples of the Euclidean distance

dE starting in the considered frame. Se can be considered as a sensibility
factor, that was set to 2.5 experimentaly with the objective of keeping a
good balance between the number of False Positive and the False Neg-
ative. If Se grows the number of False Negative tends to increase. In
opposition, if Se becomes lower the number False Positives tends to in-
crease.
6) The shot limits are the frames that result in a cluster change and respect
dE > dT for that frame in a 2 frames neighbourhood (for both sides).

Clustering the AOP descriptors using K-Means result in a reliable
detection of the different borders of the shot limits. In most of the cases K-
Means clusters also result in very accurate segmentation of the shots. The
first frame of a new shot will result typically in a new cluster. Unless two
consecutive shots represent very similar scenes, K-Means will separate
the different shots, grouping the AOP descriptors of the different frames
in different clusters. In some cases, where the type of scene is very similar
it might occur no separation. However, typical sport (football) headlines
consist of sequences of shots with different zoom levels. The represented
shot is usually repeated with a closer zoom, which makes the type of scene
quite different. Typically these scene repetition is separated into different
clusters. Even with two clusters separation (K=2) this tends to occur.

However, close shots (zoom in scenes) tend to have a high dynamic
associated, that results in different clusters for the same shot. Moreover,
long shots can result also in different clusters, because are represented by
frame images with large temporal separation, that might have no similar-
ity.

This extra clustering separation can easily be suppressed as shot bound-
aries, because usually consecutive frames in the same shot are very sim-
ilar, and result in a small Euclidean distance between their AOP descrip-
tors. Moreover, if two consecutive frames are in different shots, usually
have a large Euclidean distance between them.

To improve the stability of the method, the median and the standard
deviation of 10 consecutive frames were also computed, for the whole
sequence. This standard deviation typically exhibits a peak in the prox-
imity of every shot boundary. The standard deviation was multiplied by
2.5 (this value provides a good separation after observing many different
tests) and summed with the median, resulting in a threshold distance.

A cluster change is only considered as a new shot if the Euclidean dis-
tance is larger than this value. This process usually avoids the separation
in two of a long shot, because intermediate distances are small.

3 Results

The shot limits detection provided by this method results in typical Preci-
sion and Recall values of 90%. In some cases the Recall value becomes
lower. However this value can be increased using a lower value of Se.
Examples of the Precision Recall values obtained for three youtube video
sequences of soccer headlines is presented in table 1.

In figure 1 an example of shot detection in a video frame is given. In
this figure, the black circles are locations where dE > dT , the ∗ represent
the real shots separation frames, and the triangles 4 the final shot limits.
The blue line represents the different cluster variation on time, the dark
cyan line represents the Euclidean distance between the AOP descriptor
of consecutive frames, dE , and the black line represents the threshold dis-
tance, dT .

This threshold distance was also tested instead of the Euclidean dis-
tance dE for cluster separation validation, but was not so stable, and re-
sults in a higher number of False Negatives.

The value of K (of K-Means) was set to 5 because represents the best
commitment between too many and only few initial segmentations in our
experiments.

The represented test, results in 3 False Negatives and in 2 False Pos-
itives. This is rather good because in this case, the headlines video se-
quence is unusually large, with many zoom in (close distance) scenes,
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Figure 1: Example of shot detection.

that are usually more demanding. These scenes, are represented by re-
gions with large unstability of the resulting clusters in figure 1.

The third false positive situation has proven to be the most difficult
to deal with. This represents a typical situation in sports headlines video
sequences, where the transition between two shots is made smoothly by
superimposing the two shots during few frames.

The method was also tested with temporal sub-sampling and kept the
same level of performance.

Shots Shots
number detected Precision Recall

Example 1 22 19 90 % 86 %
Example 2 22 19 90 % 64 %
Example 3 22 20 91 % 91 %

Table 1: Precision Recall values for three examples of the youtube soccer
headlines shot detection.

4 Conclusion

The AOP descriptor reveals to be very effective and resilient when used
for segmentation of a video sequence.

Typically, the number of False decisions is kept low and a reliable
model that can be used together with other methods was defined. In the
performed tests, the percentage of True Positives was about 90%. More-
over, the number of False Positives is usually smaller than the False Neg-
atives value, resulting in very high Precision.

For the near future, experiments using standard video sequences (like
Trecvid sequences - have the problem of not being available to general

public) will be carried out. This will allow an effective comparison be-
tween this shot detection method and some of the state of the art methods.

The reliability of the described method is also revealed for video
sequences with high dynamics, as it is in the football (soccer) matches
scenes used for testing.

That procedure also reveals to have a large resilience to different tem-
poral sampling. When dealing with very low quality video, as it is in
many cases the situation of videos downloaded over the internet the shot
detection method reveals again a very reliable behaviour.
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Abstract

3D reconstruction of fast moving objects is an area with many potential
applications. The goal of this paper is to evaluate the 3D trajectory of a
flying bat in a controlled environment. Our solution consists in using a
stereo vision system and compute an 3D position in each frame by select-
ing and matching a feature over rectified images.

1 Introduction

The purpose of this research is to develop a method to estimate the 3D
trajectory of a flying bat in a large flight room. We used a stereo system
with two monochrome cameras sensitive to infrared lights, for recording
the flight trajectory of the bat. This trajectory was reconstructed by find-
ing the bat in one image using background segmentation to select one
point with the best features to be matched in the other image. The stereo
system uses triangulation based on epipolar geometry to reconstruct the
three-dimensional (3D) positions of the bat.

2 Equipment

The data acquisition was done in a large flight room with dimensions
of 10×6×3 m; Walls and ceiling in the field of view were covered by
white foam and white painted to get better contrast of the bat. The stereo

Figure 1: Flight room.

vision system comprises two monochrome video cameras, two infrared
illuminators and one processing computer. The cameras are Guppy PRO
F-031B with maximum resolution of 640×480 running at 30 fps. Two
sets of lenses with fixed focal length of 3.5 mm are employed, giving a
field of view of 49◦. As infrared illuminators we used two Raymax25 with
a wavelength of 850 nm, an angle of 30◦ and 20 m of illumination range
[4]. The cameras were placed next to each in a parallel configuration with
a baseline of 350 mm. The illuminators were placed between the cameras
to minimize the bat shadows. The stereo vision system was set in the
bottom of the flight room (Figure 1).

3 Methods

Each experiment consists in the release of a bat in the flight room and
recording the flight with both cameras for 35 seconds. The synchroniza-
tion of both video files is achieved using a time stamp (flashing a LED on
in the field of view of both cameras). Figure (2) provides an outline for
the system that process the data acquired from the experiments.

3.1 Preprocessing

All computations are done offline, but a few processes and parameters are
computed only once for all experiments since the position and the lighting
of the stereo vision system is fixed. These processes and parameters are:
calibration of the stereo rig, the evaluation of the projection matrices and
the background estimation.

3.1.1 Calibration

The calibration of the stereo rig was done using the Camera Calibration
Toolbox for Matlab[1]. A set of 20 images with different positions of a
chessboard was simultaneously captured from each camera. The chess-
board used had 7×8 squares with 45 mm between vertices. All the chess-
board corners were extracted and refined to obtain the minimal error on
both camera calibrations. This and the parameters used to rectify images
were saved for later use.

Figure 3: Corrected geometry using the stereo rig calibration matrices.

3.1.2 Projection Matrix

The projection matrix [3] of both cameras was used to estimate the 3D co-
ordinates. Eight points were manually extracted from the rectified back-
ground image from both cameras and the 3D coordinates of these points
were measured (see Figure 3). These points were used to estimate the
projection matrix for both cameras.
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Abstract

Wrist actigraphy is a simple but powerful technique that allows long term
monitoring of human activity. Amongthe wide range of areas of appli-
cation, it has a special relevance in sleep studies, where its non-invasive
nature makes it a valuable tool in the detection of abnormal behavioral
patterns, associated with certain sleep disorders.
While the detection of simple trends, such as circadian cycle phase shifts,
are easily detected, an accurate detection of the sleep and wakefulness
states is still an open issue.

In this paper, anautoregressivemodel and anexponentialdistribution
are used to model the movements recorded during nocturnal actigraphy.
The parameter of the distribution, together with the coefficients of theau-
toregressivemodel and several temporal and position measures, are com-
bined into a classification framework in order to discriminate movements
during sleep and wakefulness states.

It is shown that the movements recorded during each state are intrin-
sically different, with the fusion of classifiers achieving an accuracy of
73% in the discrimination of the two states.1

1 Introduction

Sleep disorders form a class of medical conditions, pathological or not,
affecting millions of people across theworld. They are characterized by
changes in the normal pattern of the circadian cycle and even sleep dis-
ruption, with severe consequences for the general health condition of the
subjects [6].

The detection, characterization and diagnosis of these disorders is
usually performed withpolysomnography(PSG), an expensive, complex
and very intrusive exam, where several physiological variables are moni-
tored, usually during a single night. This technology is not appropriate for
long term monitoring since it is uncomfortable for the patient and strongly
interferes with his mobility and normal routines.

For long term monitoring, alternative methods are preferred, where
other sources of data may be used. Among them, behavioral information
sources, e.g.SleepandDreamdiaries andActigraphy(ACT), seem to be
particularly relevant.

ACT has been used with success in the characterization of the circa-
dian cycle [2, 8] and in the diagnosis of several disorders such as Insomnia
[9] andObstructive Sleep Apnea Syndrome(OSAS) [4]. Nevertheless its
use in the estimation of sleep and wakefulness states is recent and an ac-
tive field of research [7].

Several algorithms are described in the literature to detect sleep/wakefulness
states from ACT data. Some use activity count thresholds [2, 5] and oth-
ers estimate the state by using statistical approaches [8].

In this paper, following the work from [1] and [3], particular atten-
tion is given to the individual movements recorded in the ACT data. The
movements are divided into eight distinct labels, taking into account the
position and sleep state in which they were observed.

Several features are extracted from each individual movement, in-
cluding the parameter of an exponential distribution fitted to the data, the
coefficients of anAutoregressive(AR) model, the energy and length of
the movement and information regarding the position of the patient. The
extracted features are used as the input of a classifier ensemble that dis-
criminates movements recorded during sleep and wakefulness states.

Nocturnal ACT data from real subjects is used to test the classification
framework and the corresponding hypnograms, extracted from the PSG,
are used to validate the results.

1This workwas supported by the FCT project [ PEst-OE/EEI/LA0009/2011]

2 Methods
In this section the data pre-processing is presented, followed by the de-
scription of the extracted featuresandfinally the structure of the classifi-
cation framework.

2.1 Data pre-processing

Eight subjects participated in this study, the ACT data was jointly acquired
with PSG data for validation purposes.The hypnogram, obtained from the
PSG by trained technicians, is used as ground truth to identify the sleep
and wakefulness states in each epoch.

The Act data was collected with aSomnowatchdevice, placed in the
non-dominant wrist of the subjects with a sampling rate of 1Hz, the output
of the Actigraph is the magnitude of the movements and an estimate of
the patient position (Supine, Left, Right, Prone, Upright).

Two pre-processing operations are performed on the data: i) magni-
tude normalization and ii) movement segmentation. Magnitude normal-
ization is required to minimize the inter-patient and intra-patients vari-
ability effects. The normalization procedure removes the DC component
and normalizes the energy of the signal by subtracting the mean of an
L, dimension window,W, centered at each sample and dividing by the
corresponding standard deviation.

Movement segmentation is necessary since the algorithm targets each
individual movement.
A simple movement detector was implemented to detect movement and
extract the corresponding actigraphy data. The detector, shown in Fig. 1,
is formed by i) a threshold detector, ii) ap-order FIR filter signal stretch-
ing and a iii) binarization.

Figure 1: Structure of the movement detector.

Each detected movement is labeled from 1 to 8 according to the fol-
lowing heuristic rule:

Same Pos. Change in Pos.

Change in state
To/From Wake. 1 5
To/From S# 2 6

Same state
To/From Wake. 3 7
To/From S# 4 8

Table 1: Labeling rules: Each movement is labeled depending if the pa-
tient changed or maintained its position andif the sleep state changed or
remained the same.

Fig. 2.a) shows the normalized ACT signal from one patient, Fig. 2.b)
the corresponding hypnogram segment andFig. 2.c) the patient position
along the night. The detected movements are marked as black dots.

2.2 Feature extraction

After the detection ofM movements, each movement,m j (i), j ∈{1, . . . ,M}

and i ∈ {1, . . . ,Nj}, is processed individually and the following features
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Figure 2: a) Actigraphy data (top), b) Hypnogram (middle) and c) Posi-
tion (bottom). Detected movements aremarked as black dots.

are extracted:

• Length of the movement,N.

• Energyof the movement, given byE = ∑N
i=1m j (i).

• AR model (order 4) coefficientsθ , given by the Yule-Walker equa-
tions.

• AR model prediction error.

• The parameter of Exponential distribution fitted to the data, given
by f = 1

µm j

• Discretized position (value from 1 to 5)

2.3 Classification

The classification procedure aims at discriminating the movements ob-
served during Wakefulness andSleep state.
The set of features extracted from movements with labels[1,3,5,7] is
labeled as classWakefulness, on the other hand, features extracted from
movements with labels[2,4,6,8] are labeled as classSleep.

The complete set of features is then divided into 4 subsets, i) a sub-
set with lengthandenergyof movement (Subset 1), ii) a subset with the
AR coefficientsandAR prediction error(Subset 2), iii) a subset with the
parameter of the exponential distribution(Subset 3) and finally, iv) the
discretized position(Subset 4).

Each subset of features is used to train i) a linear discriminant classi-
fier (LDC), ii) a support vector classifier (SVC) with a linear kernel and a
k-nearest neighbour (KNN) (3 neighbours).

The accuracy of each classifier is computed using a k-fold (k = 20)
leave-one-out crossvalidation and the classifier yielding the highest accu-
racy is selected as the expert for each subset of features.

A fusion of classifiers is finally performed, testing several voting poli-
cies.

3 Results

Table 3 resumes the results obtained for the individual subsets of features.
The subset yielding the highest accuracyis the second subset (features
extracted from the AR model) using a LDC, followed by the first and
third subsets using a SVC and an LDC respectively.

While the obtained accuracies are acceptable, the obtained specifici-
ties are in the order of 55% for all the considered classifiers and subsets,
meaning that the classifiers tend to detectWakefulnesswhen the true state
is sleep.

Subset LDC SVM KNN

1 64% 65% 62%
2 68% 67% 63%
3 65% 60% 64%
4 56% 55% 54%

Table 2: Accuracy obtained with 3 different classifiers for the 4 subsets of
features.

The expert classifiers, (Subset 1⇒ SVM; Subsets[2,3,4]⇒ LDC),
are finally combined and three voting policies are tested, the obtained
Sensibility, Specificity and Accuracy are shown in Table 3.

Voting policy Sensibility Specificity Accuracy

Product 76% 68% 73%
Median 68% 67% 63%
Vote 65% 60% 64%

Table 3: Sensibility, Specificity and Accuracy obtained for the Product,
Median and Vote classifier combiners.

The Productcombiner of the set of classifiers yields the highest accu-
racy, 73%, sensibility, 76%and specificity 68%, followed by the Median
combiner. The fusion of 4 expert classifiers increases, not only the overall
accuracy, but also the specificity to acceptable values.

4 Conclusion

In this paper a classification framework is presented to discriminate be-
tween movements recorded on nocturnalActigraphy during Sleep and
Wakefulness states.

While the obtained accuracy, 73%, is not enough for an accurate es-
timation of the state along the entire night, the obtained results clearly
show that movements that are apparently similar can in fact contain valu-
able information regarding the state of the patient.

Future work will focus on the addition of new features to the frame-
work, such as HRV and Breathing based features, to further increase the
classification accuracy.
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Abstract

Heart rate variability (HRV) analysis is the preferred tool to monitor the
autonomic nervous system (ANS) activity, since the heart is its main ef-
fector organ.
However, the cardiac variability strongly depends on the sympathetic and
parasympathetic coupling dynamics with thesinoatrial node (SAN) and
with the mechanical and physiological parameters of the heart itself. It is
thus fundamental to describe the bias introduced by the SAN response to
vagal and sympathetic stimuli and its influence on the computation of the
HRV.

In this paper a physiological based incremental linear model, describ-
ing the dynamics of the SAN innervation is proposed aiming at accurately
estimate the ANS activity by HRV analysis.
Experiments with real data are used to validate and tune the model, con-
firming the results in the literature.1

1 Introduction

Heart rate (HR) is controlled by impulses originated in the SAN. The
SAN is a fundamental part of the specialized excitatory and conductive
system of the heart. The SAN myocytes owe their pacemaker activity to
their capability of an automatic rhythmical discharge. The ionic mecha-
nism underlying this pacemaker activity is a cyclic activation of thefunny
current (I f ) [5, 6].

This hyperpolarization-activated current main characteristics are: i) it
is conducted byhyperpolarization-activated cyclic nucleotide-gated (HCN)
channels [1], ii) its activation has a voltage dependency on the HCN chan-
nel which iii) are permeable toNa+ and K+ ions, and iv) it is highly
dependent oncyclic adenosine monophosphate (cAMP)[10].

Thefunny current increases the membrane potential which causes the
activation ofCa++ channels (T-type and L-type)[6, 9, 13]. When the
membrane voltage reaches the threshold, a new action potential is initiated
triggering a new heart cycle.

The SAN has an intrinsic discharging rate of about 100 beats per
minute, but in order to keep homeostasis, i.e. adapt the HR according
to the changing needs, the SAN is innervated by the two branches, sym-
pathetic and parasympathetic, of the ANS [9].

Stimulation of the sympathetic nerves releasesnorepinephrine (NE),
which increases the rate and force of contraction of the heart by changing
the HCN channels properties and the cAMP level[6, 9, 13]. The activation
of beta1-adrenergic receptors stimulatesprotein kinase A (PKA)[8] and
increases cAMP concentration [10]. By this, the sodium-calcium path-
way permeability is increased thus increasingICa andI f [1, 2, 10]. SAN
myocytes become more excitable and the action potential rhythm rises.

Parasympathetic stimulation decreases the rhythm of sinus depolar-
ization [11]. Theacetylcholine (Ach) released at the muscarinic receptor
increases the conductance of the potassium channels. The hyperpolariza-
tion of the SAN myocytes appears to involve direct gating of aK+ channel
by a G-protein activated by the M2 muscarinic receptor[1]. Furthermore,
cAMP level and the L-typeCa++ current decreases [7]. As a result, the
membrane resting potential decreases from−65 to−75 mV in response
to vagal stimulation, reducing sinus rhythm and thereby decreasing the
HR [3, 6, 9, 13].

In this paper an incremental model for the dynamics of the SAN and
its dependency on the ANS is proposed. The model is formulated taking
into account the system’s physiological characteristics. The model is vali-
dated with results found in the literature and with real data, acquired from
5 healthy subjects.

1This work was supported by the FCT project [ PEst-OE/EEI/LA0009/2011]

2 Problem Formulation

In this section, the SAN is described by an incremental linear model.
Here, the dynamics of the parasympathetic and sympathetic components
of the ANS are modeled by two IIR low pass filters. The filter’s transfer
functions mimic the dynamics of the Ach and NE kinetics in the SAN.
Figure 1 shows the block diagram for the proposed model. Here,P(t) and

Figure 1: SAN model

S(t) are the inputs, modeling the parasympathetic and sympathetic stim-
uli originated in the brainstem. Due to the different metabolic paths of the
parasympathetic and sympathetic systems, these stimuli suffer different
time delays. Thus, the release of Ach and NE in the SAN is affected by a
time lag. The parasympathetic stimuli take 210msec to arrive to the SAN
[7] while the sympathetic stimuli take 950ms [7]. These time delays are
not considered in the described model but are contemplated in the gener-
ation of the initial signal,P(t) and,S(t). Each filter inputP̃(t) and S̃(t)
has a constant and an incremental component expressed as

P̃(t) = P(t)−P0, P0 = 0.4 (1)

S̃(t) = S(t)−S0, S0 = 0 (2)

whereP0 andS0 are the cardiac vagal and sympathetic tonus respec-
tively.
The dynamics of the Ach and NE in the SAN are modeled by low pass
filters denoted in Figure 1 by i) and ii). The two filters coefficients were
chosen taking into account that the maximum rhythm changes is observed
0.63sec and 4.6sec after parasympathetic and sympathetic stimulation,
respectively, as shown in Figure 3. The coefficients were thus set to
τ1 = 0.063,τ2 = 0.46. The inputs are affected by a time delay that corre-
sponds to the diffusion of neurotransmitters and to the metabolic modifi-
cation latency.
The gain in filters i) and ii), represented bya andb, is unitary.
The final parasympathetic gain is positive thus increasing the SAN depo-
larization periodT̃ . On the other hand, sympathetic stimulation decreases
T̃ and the final gain is negative.
In block iii) the two signals are added and form̃T which adds toT0, the
intrinsic SAN rhythm. Thereby, the model output,T (t), contains a basal
rhythm and the ANS influence.

3 Experimental Results

The ANS activity is simulated using the model described in the previous
section. The simulation is performed with a constant vagal tone and two
impulses, a sympathetic and a parasympathetic, are generated.

The two impulses and the model response are shown in Figure 4. This
simulation mimics the time delay, maximum sympathetic and parasympa-
thetic effects on the depolarization period and the time of 90% recovery of
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Figure 2: SA node depolarization rhythm after parasympathetic stimula-
tion (adapted from Spearet al.)
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Figure 3: SA node depolarization rhythm after sympathetic stimulation
(adapted from Spearet al.)

the initial value. The obtained results are in accordance with the responses
obtained from animal experiences by Spearet al.[7], shown in Figures 2
and 3. In this simulation the recovery of the initial depolarization rhythm
is faster than in real data experiments which suggests that the metabolic
processes in SAN are non-linear.
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Figure 4: SAN node depolarization period after sympathetic and parasym-
pathetic stimuli, results of model simulation

In order to test the proposed model with real data, RR data [12] was
acquired from 5 healthy subjects (3 women and 2 men). Each subject per-
formed an orthostatic test inducing a sympathetic activation in the ANS.
The test was repeated 2 or 3 times, resulting in 13 datasets. All the data
was acquired using the system described in [4].

Data processing consists in finding the maximum RR interval vari-
ation following the stimulus (induction of orthostatic position of body),
and computing the time delay between the two points. The orhtostatic
test was chosen as this is the standard procedure when stimulating sym-
pathetic activity.
The performed tests do not include parasympathetical activity since this
activity cannot be measured with non-invasive methods.

The results obtained for the maximum sympathetic activation using
RR data, shown in Table 1, are in agreement with the results predicted by
Spearet al.[7].
The main differences, not shown in Table 1, lie in the recovery time after
the maximum sympathetic activation. This difference is expected since
each subject maintains the orthostatic position after the test, thus main-
taining sympathetic stimulation.

Events Delay (sec) Max. Activation(sec)

Subject undetected 8.3804±2.9988

Table 1: Mean time of Maximum Sympathetic Activation and standard
deviation for the HR measurements during the Orthostatic Test

Nevertheless, the level of agreement between the results suggests that the
human SNA dynamics can be approximated by a linear model.

4 Conclusions

In this paper the intrinsic SAN metabolic dynamics of Ach and NE are
characterized and their individual contributions are included in a model
describing the SAN dependency on the ANS.

The obtained results show an agreement between the simulations and
the responses of an animal SAN to vagal and sympathetic stimuli. While
the maximum response time is virtually identical, the recovery dynam-
ics are slightly different, suggesting that a non-linear model might yield
better results.

The results using RR data show that the human SAN response to a
sympathetic stimuli can be roughly comparable to the SAN of rabbits.
The differences lie in the different activation levels and maximum re-
sponse times, possibly due to physiological differences between species
and errors in RR acquisition.

It was thus verified that the SAN activity and HR variations due to
ANS stimuli can be represented and simulated by a complex system with
non-trivial response. Further work will try to adapt this linear model to
human physiology and study the mechanism of SAN normal rhythm re-
covery after ANS stimuli.
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Abstract

This work presents a case report on the evaluation of a fuzzy logic model
to describe the relation between the tachogram (RR) and the systolic
blood pressure (SBP) values of a healthy subject. From the real data, both
random/surrogate realizations were generated, in order to destroy/keep
the original SBP and RR relation, respectively. The results point out that
the fuzzy logic model is able to capture more information than simply the
mean RR values, in particular, at SBP values at the left and at the right
of the SBP median. These results are corroborated by the location of the
membership functions over the simulations: for random data, the cluster
centers are frequently positioned in the SBP median while, for surrogate
data, the clusters are distributed around the SBP values contributing with
extra information, at the left and at the right of the SBP median.

1 Introduction

Over the past years, the quantification of arterial-cardiac baroreflex sen-
sitivity (BRS) has been useful in the study of many pathological states,
where lower BRS have been associated with increased cardiovascular
disease-related mortality [5]. Spontaneous time domain methods for BRS
estimation typically assume linearity between SBP and RR values and
the BRS is taken as a slope between the SBP and RR values identified in
baroreflex related segments [3]. Therefore, local linearity is assumed in a
segment and the BRS index is not a function of the SBP value.

These assumptions can be in contradiction with physiology, in par-
ticular, if drug induced methods are used for BRS estimation. In com-
parison with the spontaneous ones, drug induced techniques stimulate a
larger and clearer SBP change in order to force a pronounced RR response
(i.e., clearer baroreflex activation). Therefore, these methods explore the
baroreflex function over a wider SBP range, while spontaneous methods
allow the BRS assessment near the subject’s operating point. Invasive
BRS methods assume a sigmoidal SBP–RR relationship and, therefore,
allow for the BRS index to vary according to the SBP value.

In this work, we seek to answer “Should the BRS index be a function
of the SBP value also for spontaneous data?”. In a recent work, we ex-
plored the use of fuzzy logic models to describe the relation between SBP
and RR values [2]. Fuzzy logic models do not assume a shape for SBP
and RR relation and open the possibility to model non linear SBP and RR
relation, which ultimately will make possible to obtain a BRS index as a
function of the SBP value. Based on the EuroBaVar database with record-
ings of several of subjects [6], it was found that fuzzy models estimated
from real data exhibited a significantly lower average modeling error than
that estimated from random data, what motivated this study.

Here, an evaluation of a fuzzy logic model obtained for a healthy sub-
ject is presented. The evaluation was carried out by comparing the real
fuzzy model with those estimated from random and surrogate realizations
of the real data. The random data is obtained by scrambling and, there-
fore, keeps the probability density function of the real data while destroy-
ing temporal dependencies and SBP/RR relation. The surrogate data was
generated by maximum entropy bootstrap, so keeping the main features
and associations of the data.

2 Fuzzy Logic Model Estimation

The fuzzy description is based onI f Then rules. Basically, the system
input is mapped into membership functions that associate an input value
to a membership degree. This value is then used to obtain the rule weight
and the rule output is used to generate one consequent (theThen).

In this work, the fuzzy logic system was defined as aSugenomodel,
which considers the system output as a functionz= f (x), i.e. RR=f (SBP).

Given the inputx, a typical rulei = 1,2, ...,N with outputzi is defined as

If x ∈ Fi(x), thenzi = aix+ci , (1)

whereFi(x) are fuzzy sets andai andci are constants [4]. Each rule output
zi is then weighted by its firing strengthwi = ΓFi(x), whereΓFi is a Gaus-
sian membership function defined by its centerµi and standard deviation
σi [1]. The final output of the system̂z is the weighted average of allzi .
The number of rulesN and the parametersa, c, µ and σ for each rule
i = 1,2, ...,N were estimated by ANFIS [4]. The initial values forµ and
σ were obtained using subtractive clustering. The first center (µi) is iden-
tified as the point with maximum likelihood, i.e., the median ofx [1]. The
next center is estimated as the previous, disregarding the data already as-
signed to existing clusters. The procedure stops when all data falls within
a cluster [1]. The method, iteractively, divides the antecedent domain into
clusters, estimating their centers [1], based on a predefined radius (cluster
influence within the data space). The membership functions appear as the
projection of these clusters on thex axis.

Figure 1 presents an illustrative application of the fuzzy logic method
to a real set of SBP and RR values. Figure 1(a) presents the real data su-
perimposing the generated system output, i.e. the fuzzy surface describing
the RR as a function of SBP values. The fuzzy surface is obtained from
the membership functions represented in Fig. 1(b).
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Figure 1: (a) Dispersion diagram of the first 512 SBP and RR values
from the EuroBaVar datafile A001LB, superimposing the estimated fuzzy
surface ˆz. (b) Membership degreeΓFi (i = 1,2, ...,6) associated to each
membership function, according to the SBP input values.

3 Experimental Data

The real data used in this work consists of one recording from the Eu-
roBaVar dataset [6]. The A001LB file includes beat-to-beat tachogram
(RR) and systolic blood pressure (SBP) series extracted fom simultaneous
spontaneous ECG and arterial blood pressure (ABP) signals, respectively.
The records are of approximately 10 minutes length and were acquired
at 500 Hz of sampling frequency. The fuzzy methods were applied to
the first 512 beats of the SBP and RR series, considering each SBP value
aligned with the following RR value, in accordance with previous stud-
ies [3]. More specific details on protocol procedure can be found in [3, 6].
From A001LB file, 1000 random replicas and 1000 surrogate replicas of
the original RR series were generated while maintaining the original SBP
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series. By one hand, the random RR replicas were generated by scramble
the original RR values to produce a series with a random order [7]. By
the other hand, the surrogate RR replicas were generated by maximum
entropy bootstrap, thus preserving the temporal structure and the non sta-
tionary behavior of the original RR series in the surrogates [8]. For il-
lustration purposes, Fig. 2 presents an excerpt of the original RR series,
superimposing a random and a surrogate realization. It can be observed
that the scramble of the original RR series produced a random realization
with destroyed temporal dependency and, consequently, with no relation
with the original SBP series. On the contrary, surrogate series kept the
temporal structure of the original RR series and therefore held the main
links with the original SBP series.
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Figure 2: Excerpt of the original RR from A001LB datafile (red) super-
imposing a random (gray) and a surrogate realization (black).

4 Results

Figure 3(a) shows the 1000 fuzzy surfaces obtained for the random real-
izations (in gray) as well as the fuzzy surface obtained for the real data (in
red). It can be observed that gray/random surfaces are more flatter than
the red/real surface, evidencing that fuzzy surfaces on random data ex-
plain typically the mean RR value and constitute a null model. Therefore,
the gray area composed by the 1000 random fuzzy surfaces constitute a
band of possible variations for the surfaces assuming that there is no re-
lation between SBP and RR. In this context, it can be interpreted that the
real fuzzy surface has amplitudes different from those of the random fuzzy
surfaces, in particular around the locations of the membership functions.
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Figure3: (a) Fuzzy surface obtained for the real data (red) and for theran-
dom realizations (gray); (b) Estimated probability density functions (pdf)
of the chosen locationsµ for the random (gray) and surrogate (black)
realizations. Dashed lines localize mean SBP and mean RR values.

Figure 3(b) shows the estimated pdf’s of the locations for the mem-
bership functions over all realizations, distinguishing random (gray) and
surrogate (black) data. These curves show approximately the frequency
distribution if the class intervals were made as small as possible and the
number of observations were very large. On one hand,µi is mainly dis-
tributed around the SBP median value for the random fuzzy surfaces (gray
curve in Fig. 3b), indicating that cluster optimization systematically lo-
cates the membership functions at the median SBP value. On the other
hand, the distribution of theµi parameter disclosures three evident lo-
cations of higher frequency for surrogate data: around the SBP median
value and around the two locations observed in the real data, at left and
at right of the median SBP value (black curve in Fig. 3b). This indicates
that the model has into account information on the entire SBP range and
not only around SBP median value, making use of singularities that could
better reproduce the RR alterations associated with less frequent SBP val-
ues. The results in Fig. 3 also evidence that the fuzzy model can describe

adequately the SBP and RR relation, in particular around the locations of
the corresponding membership functions.

For each fuzzy model, the number of membership functions is de-
fined by the subtractive clustering stopping criterium, i.e., when all data
is inside a given cluster. As shown in Table 1 for the random realiza-
tions, six membership functions are estimated in 815/1000 of the cases
and, as illustrated in Fig. 3(b) with the gray curve, the locations are typ-
ically localized at the median SBP value. For surrogate data, however,
six membership functions are estimated in 668/1000 of the cases and a
considerable frequency of cases also estimate five and seven membership
functions. This result will be further explored, in particular, by the analy-
sis of the distances between consecutive locations for a give realization.

Table 1: Number of fuzzy logic membership functions (# MFs) optimized
in each one of the random and surrogate realizations.

# MFs
4 5 6 7 8 9

random 0 1 815 175 9 0
surrogate 5 88 668 219 19 1

5 Conclusions

This case report on a healthy subject evidences that fuzzy logic to model
SBP and RR relation can capture singularities, besides median values.
These singularities are located in ranges with lower data density which,
being distinct from that obtained from random data, are expected to pro-
vide additional and useful information concerning SBP and RR relation.
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Abstract

In this work we produce machine learning models that predict the out-
come of a mammography from a reduced set of annotated mammography
findings. We used a data set consisting of 348 consecutive breast masses
that underwent image guided or surgical biopsy performed between Oc-
tober 2005 and December 2007 on 328 female subjects. The main con-
clusions are threefold: (1) automatic classification of a mammography,
independent on information about mass density, can reach equal or better
results than the classification performed by a physician; (2) mass density
seems to be a good indicator of malignancy, as previous studies suggested;
(3) a machine learning model can predict mass density with a quality as
good as the specialist blind to biopsy, which is one of our main contri-
butions. Our model can predict malignancy in the absence of the mass
density attribute, since we can fill up this attribute using our mass density
predictor.

1 Introduction

We applied machine learning methods to 348 consecutive breast masses
that underwent image guided or surgical biopsy performed between Octo-
ber 2005 and December 2007 on 328 female subjects. These 348 findings
are defined by 14 attributes, with one of them indicating if the finding is
malignant or benign. Our main objective is to produce models that can
have a good performance at predicting malignancy and a good perfor-
mance at avoiding to expose healthy women to extra surgical or screen-
ing procedures. We are also interested in studying the actual relevance
of mass density in the findings, since this is one of the attributes that
usually is not regarded relevant by physicians. According to physicians,
mass density is a feature usually considered to be difficult to annotate,
because of the breast tissue, and fat composition. Previous works have
shown that mass density can be an important attribute when predicting
malignancy [3, 10, 11]. The 348 mammographies used in this study have
annotations of mass density, which allow to (1) investigate in more detail
the role played by this feature, and (2) produce models to predict this par-
ticular feature and help physicians distinguish between high and iso/low
densities.

Much work has been done on applying machine learning techniques
to study breast cancer, one of the most common kinds of cancer in the
world Our work, rather than focusing on the images, focuses on the med-
ical reports. More details about the expeiments, parameter settings, more
references and explanations can be found elsewhere [4, 5].

2 Methodology

We use the same data set used by Woods and Burnside [11]. This data
set is unique in the sense that all findings were retrospectively assessed
and all of them have accurate information about the density of the breast
masses. In that work, they showed that high breast mass density is a
significant predictor of malignancy, even after controlling for other well-
known predictors of malignancy such as mass margin and mass shape.
The metric used to evaluate performance was interobserver agreement and
they found a moderate k-value for mass density (0.53).

Each one of the 348 cases refers to a breast nodule retrospectively
classified according to the Breast Imaging Reporting and Data System

(BIRADS) created by the American College of Radiology. On the other
hand, a clinical radiologist assessed (at the time of imaging and without
biopsy results) the density of 180 of these masses, in an evaluation that
can be considered as “performed under stress” (prospective assessment).
Pathology result at biopsy was the study endpoint.

When learning models to predict malignancy the attribute outcome
is the target class. It assumes values malignant and benign and was de-
termined using the results of biopsies. From the 348 cases, 118 are ma-
lignant (≈ 34%), and 84 cases have high mass density (≈ 24%) retro-
spectively assessed Other attributes are mass shape, mass margins, depth,
size, among others. For the purpose of our study, we have two attributes
that represent the same characteristics of the finding, but with different
interpretations. These are retro_density and density_num. Both represent
mass densities that can assume values high or iso/low. Retro_density
was retrospectively assessed while density_num was prospectively (at the
time of imaging) assessed. These two attributes are our target classes
when learning models to predict mass density.

The whole data set was split into two subsets: (1) training set: 180
cases, whose mass densities (density_num) were classified by a radiol-
ogist and (2) test set: 168 cases, whose mass densities (retro_density)
were not annotated at the time of imaging, but instead in a reassessment
of all the 348 exams performed by a group of experienced physicians.

Five experiments were performed with 180 findings (training set)
while the remaining were performed with 168 findings (test set). From the
five, the first three predict outcome and the other two predict mass density.
The experiments can be described as follows. E1 predicting outcome us-
ing the attribute retro_density. E2 predicting outcome using the at-
tribute density_num. E3 predicting outcome without any mass density
information. E4 predicting mass density based on retro_density. E5
predicting mass density based on density_num.

We evaluated several classification algorithms available in WEKA [6]
and varied their parameters. The experiments were performed with the
WEKA’s Experimenter module using 10 times 10-fold cross-validation
on the training dataset. For each algorithm we selected the combination
of parameters that produced the best classifiers, and then selected the top
three classifiers for generating models: NaiveBayes [7], DTNB (a deci-
sion table algorithm whose leaves are Bayesian networks) and SMO (a
support vector machine [9] implementation [8]). A fourth classifier was
selected, J48 (decision tree based on Quinlan’s C4.5 algorithm), due to its
ability to produce readable and easily understandable models.

The last six experiments apply the models generated by the first five
experiments (M1, M2, M3, M4, and M5) to the test set containing 168 cases
as follows. E6 generates the values for mass density using the model
trained with the attribute retro_density as the class variable (ob-
tained by experiment E4). E7 generates the values for mass density using
the model trained with the attribute density_num as the class vari-
able, (obtained by experiment E5). E8 predicts outcome using the model
M1 trained with the attribute retro_density (obtained by experiment
E1), and uses the actual values of the attribute retro_density avail-
able in the test set. E9 predicts outcome using the model M1 trained with
the attribute retro_density (obtained by experiment E1), and uses
the mass density values filled up by experiment E6 in the test set. E10 pre-
dicts outcome using the model M2 trained with the attribute density_num
(obtained by experiment E2), and uses the mass density values filled up
by experiment E7 in the test set. E11 predicts outcome with the model M3
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Table 1: Classifiers’ performance for the test set.
Algorithm CCI K F AUROC

E6 SMO 84.52 0.46 0.91 0.74
E7 NaiveBayes 75.60 0.35 0.84 0.81
E8 SMO 80.95 0.50 0.87 0.74
E9 SMO 77.98 0.45 0.85 0.80
E10 SMO 79.17 0.49 0.85 0.83
E11 SMO 76.19 0.42 0.83 0.71

that does not use any information about mass density, obtained in experi-
ment E3. For this experiment, no mass density attribute is used in the test
set.

We used the metrics CCI (Correctly Classified Instances, a.k.a. ac-
curacy), F-measure (harmonic mean between Precision and Recall) and
Kappa statistics to assess the classifiers. Whenever applicable we per-
formed significance tests using paired t-test (α = 0.05).

3 Results
Training to predict outcome In experiments (E1), (E2) and (E3), the
best classifiers found were based on SMO. First of all, these results show
that mass density has some influence on the outcome, specially when mass
density is the one observed on the retrospective data (experiment E1).

The results obtained with experiments (E1), (E2) and (E3) confirm
findings in the literature regarding the relevance of mass density [1, 2, 10,
11], and also show that good classifiers can be obtained to predict outcome
(with a high percentage of correctly classified instances and good values
of precision and recall, according to F).

Training to predict mass density Our set of experiments E4 and E5
are related to predicting mass density. The best classifier for predicting
retro_density was SMO and the best to predict density_num was Naive-
Bayes.

During the prospective study, the radiologist predicted 70% of masses
on the 180 findings compared with the annotated masses of the retrospec-
tive study. The SMO classifier predicted 81.3% of correct instances when
training on the retrospective annotated mass (retro_density) and Naive-
Bayes predicted 67.2% of correct instances when training on prospective
masses annotated by the radiologist. These results are quite good and
indicate that either the SMO or the Bayesian classifier generated in this
study can be well applied as a support tool to help physicians/radiologists
to classify mass density in mammograms.

The values of K and F-measure for this experiment are not so good as
the ones obtained with the classifiers that predict outcome. The K value,
once more, indicates that both NaiveBayes and SMO have a moderate
level of agreement.

Performance of the best classifiers on unseen data Table 1 summa-
rizes the results of predicting outcome on the 168 unseen cases as well as
the results of filling up the attribute mass density in the test set.

The first two lines of Table 1 refer to experiments to fill up values
of the attribute mass density in the test set. The CCI indicates how well
models M4 and M5, obtained respectively with experiments E4 and E5,
performed on filling up those values, when compared with the actual val-
ues of retro_density available in the test set. The SMO classifier, which
had a very good performance on the training set (CCI=81.3%), behaves
even better when filling up values for retro_density, making mistakes in
only 16% of the actual masses. The NaiveBayes classifier (M5), obtained
with experiment E5, which had CCI=67.2% in the training set, performed
very well in the task of filling up the missing values of density_num, cor-
rectly classifying 75.6% of the instances. A result that surpasses the result
obtained by the specialist, which is 70%.

For the tasks of predicting outcome, the classifiers also perform very
well, with the worst predictions being produced by model M3, which does
not use any information about mass density. This result confirms once
more the relevance of mass density on predicting outcome. In the absence
of this information, the data could be filled up by M4 or M5, that, as
mentioned, have a good performance on performing this job.

MammoClass Application The best models were integrated into Mamo-
Class. The application is freely available at http://cracs.fc.up.
pt/mammoclass.

4 Conclusions and Future Work

In this work, we were provided with 348 cases of patients that went
through mammography screening and biopsies. The objective of this
work was twofold: i) find non trivial relations among attributes by ap-
plying machine learning techniques to these data, and; ii) learn models
that could help medical doctors to quickly assess mammograms.

The conclusions are threefold: (1) automatic classification of a mam-
mography, independent on information about mass density, can reach
equal or better results than the classification performed by a physician;
(2) mass density seems to be a good indicator of malignancy, as previous
studies suggested; (3) machine learning classifiers can predict mass den-
sity with a quality as good as the specialist blind to biopsy, which is one
of our main contributions. Our classifier can predict malignancy in the
absence of the mass density attribute, since we can fill up this attribute
using our mass density predictor.

As future work, we plan to extend this work to larger data sets, and
apply other machine learning techniques based on statistical relational
learning, since classifiers that fall in this category provide a good expla-
nation of the predicted outcomes as well as can consider the relationship
among mammograms of the same patient. We would also like to investi-
gate how other attributes can affect malignancy or are related to the other
attributes. Yet another stream would be to study why the parameter vari-
ation in the WEKA algorithms has a strong impact on the performance
of the classifiers. Another important step forward would be to investigate
with the physician, why some instances are consistently misclassified by
all algorithms.
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Abstract

Cardiovascular diseases have a high impact worldwide, especially in de-
veloping countries. Obesity in children has been associated with these
pathologies which are only diagnosed later in their adulthood. However,
only recently it has been identified a strong relation between hyperten-
sion in childhood and cardiovascular diseases in the adulthood. An early
detection is therefore paramount being only constrained by the required
effort to the medical doctor in analysing different set of tables in order
to determine a positive pathological condition or not. A computer aided
diagnosis (CAD) system can easily fill this gap. A preliminary study is
here conducted on a dataset composed by a little more than 5 thousand
patients. The goal is to objectively identify the most important charac-
teristics that should be considered by an automated learner in a routine
examination in order to predict hypertension in a patient.

1 Introduction

Cardiovascular diseases (CVDs) have a high death rate, especially in de-
veloping countries. It is well known that CVDs are associated to un-
healthy lifestyles which govern most of populations in developed coun-
tries. Tobacco, alcohol, high blood pressure and obesity are the most
common risk factors in these countries. Developing countries face other
risk factors as underweight which contribute significantly to mortality by
CVD [1]. It was already being identified that even though CVDs typically
diagnosed in adults from developed countries are linked to their lifestyles,
it is in the childhood that the first glimpses of CVDs appear through hyper-
tension [3]. Traditionally, hypertension is identified through continuous
screenings by measuring blood pressures and by filling short question-
naires. One way to determine if a patient has hypertension is by some rule
of thumb. However, such rules are inadequate or imprecise especially in
young children mostly due to the heterogeneous populations. Moreover,
rules and procedures to assess hypertension for a given population are
different and vary from different countries in the world. Therefore, panel
experts gather periodically to define charts or guidelines. For this work,
the adopted guideline is the one as referred in [2].

A computer aided diagnosis (CAD) system can assist the medical
doctor to efficiently detect the presence or absent of hypertension in a pa-
tient. Moreover, it would also benefit the routine examinations by provid-
ing interpretable diagnosis so that a proper treatment could be prescribed
to the patient. In fact, literature presents different comparative method-
ologies to predict hypertension. However, some are too complex or do
not provide interpretable results [4], or do not take into count all available
information [3].

In this work we study a data set consisted in more than 5 thousand
children collected during a 7 year period. The objectives are three fold.
We want to assess the key factors (age, height, weight, etc.) that linearly
aid in determining if a given child has hypertension or not; Based on this
reasoning, we want to objectively quantify if the models can accurately
predict the patient condition; And, if the learning models can avoid mis-
diagnosis pathological patients as healthy. The structure of this work is as
follows: Section 2 we present a detailed description of the data set used in
this study and in Section 3 we describe our study followed by a discussion
of the obtained results in Section 4. Conclusions are drawn in Section 5.

Male Female
Feature Min. Max. Min. Max.

weight (kg) 9.30 105.00 9.70 102.00
height (m) 0.70 1.92 0.82 1.78

bmi 4.90 41.50 10.60 42.40
age 2.06 17.98 2.00 17.99

sbp (mmHg) 70.00 160.00 70.00 150.00
dbp (mmHg) 40.00 120.00 35.00 100.00

cf 48.00 150.00 50.00 192.00

Table 1: Illustrates the variance values of this data set divided by gen-
der. It is consisted, among others, by weight, height, body mass
index (bmi), systolic and diastolic blood preassures (sbp and dbp, re-
spectively) and cardiac frequency (cf). In each column it is presented the
minimum, average and maximum values for each recorded feature.

2 Data Set

The data set used in this study is encompassed by little more than 5 thou-
sand patients collected at the Unidade Cardiológica Materno Fetal at Re-
cife, Brazil during a 7 year period. 2173 are female and 3115 are male.
Data dispersion in terms of age is as follows. It contains 1579 at preschool
level (2–6 years), 1818 at school level (6–10 years), 1197 pre-pubescent
(girls from 10–12 years and boys from 10–14 years), 455 pubescent (girls
from 12–14 years and boys from 14–16 years) and 239 post-pubescent
(girls from 14–18 years and boys from 16–20 years). Besides the normal
information (such as weight, height, age and bmi–body mass in-
dex), we have also collected data regarding pulses and blood pressures
(systolic and diastolic, sbp and dbp respectively); It was also possible to
acquire the n/abn (normal vs. abnormal) information describing the re-
lation between arterial pressure and age; b2 and murmur heart sounds
are also present in this data set. Finally, the history of the present ill-
ness (hpi) and cardiac frequency (cf) were also recorded. To assess
the pathological condition of a given patient, the arterial blood percentile
pressure (app) was calculated according the information from [2]. app is
coded by three levels of arterial blood percentile pressure: normal cases,
pre-hypertension and hypertension. For this study we merged the patho-
logical cases into a single one. Finally, from the aforementioned data set,
705 patients have hypertension. The remaining cases did not register any
pathological condition. Table 1 summarizes the information regarding to
this data set.

An important aspect is that gender is usually stated as one of the key
factors in cardiovascular studies in children [1]. For better understanding
of the study here conducted, we separated data presented in Table 1 by
gender. After a careful analysis, we can check that the recorded features
which compose this data set are strongly heterogeneous between genders.
To assess this, we performed a χ2 test for homogeneity over all features
independently. For instance, for the cardiac frequency, data was firstly
ordered and divided into four quartiles for both genders. We then applied
the χ2 test for homogeneity. For all features, the only ones indicated as
homogeneous were the weight and age.

3 Feature Analysis through Logistic Regression

In this Section we will describe succinctly some concepts regarding to
the logistic regression in this study, but first we will shortly present the
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Feature Description
bmi percentile low weight, normal, overweight, obesity

pulses normal, femoral diminished, diminished, high
n/abn normal, abnormal

b2 normal, unique, fixed splitting, hyperphonic
murmur none, continuous, distolic, systolic

hpi check-up, other, cardiological assessment, sus-
pected cardiopathy,

Table 2: Illustrates the values for discrete variables in this data set. hpi
is the history of the present illness.

nomenclature. Consider xxx to be the given data comprising N patient
records, with input vector x1, . . . ,xn, xxx ∈Rp, and with the respective clin-
ical condition values y1, . . . ,yn where yn ∈ {1,2,3}, i.e., yn is a normal,
pre-hypertense or hypertense. For this study we merged the pathological
cases into a single one.

3.1 Logistic Regression

Logistic regression is a statistical learning tool that permits to infer a lin-
ear relation between data and its outcome by modelling the posterior prob-
abilities of the K classes. Logistic regression usually takes the following
form:

log
P(C1|xxx)
P(C2|xxx)

= β0 +β
txxx (1)

with P(C1|xxx) = exp(β0 +β txxx)/(1+ exp(β0 +β txxx)) being therefore con-
structed by the monotone transformation function logit p/(1+ p). Data
analysis consist in one of the many resources of the logistic regression
where it allows to understand the impact that each feature has explicitly
on the outcome. Such characteristic will aid us in our experimental study
which will further extended with the methods that we briefly describe
next.

3.2 Feature Analysis

In this Section we will use the learning method previously described to
perform three main analyses. Using only the linear model trained with a
sufficiently large sample, we will infer a linear relation among features
and outcome. The predominant relations will indicate which features are
linearly more relevant for the model. Afterwards, and based on the knowl-
edge gathered we will quantify the performance gains.

One of the logistic regression characteristics is that it allow us to
understand the relevance of each feature during the model construction.
Therefore, we conducted an analysis of the coefficients of a learner to as-
sess the most significant features. To do this, we applied a significance
test by calculating its Z score with 95% of confidence over 60% of the
available data to avoid overfitting. Assessing the resulting Z Score val-
ues it is possible to determine the most significant features. However,
and to obtain more stable conclusions, we repeated this analysis 50 times
with data randomly shuffled. Features being significant more than half
of the times were selected. This experiment resulted on the following
features: weight, height, bmi group, age, age group, n/abn,
cf, gender, sbp and dbp. We will go back to this subject afterwards
where we will compare the performance of this learner with all features
against the performance when using only the aforementioned sub-set of
features.

4 Experimental Study

Data were randomly split 50 times which generated the training and test
sets. The performance was assessed on the testing set. Each model pa-
rameterization, namely the pruning level of the decision tree and the C
parameter of the SVM, was selected by 5-fold cross-validation on the
training set. We conducted our experiments in 20%, 40% and 60% of
training data.

A first assessment is concerned to the training data size. As depicted
in Table 3 for this data set there are not relevant gains when increasing the
training size. Secondly, it is observable that when using the pre-selected
features a more stable performance is achieved. Succinctly, it was possi-
ble to attain the performance of 94% (see Table 3) meaning that from the

Training Sizes
20% 40% 60%

all 90.7% ± 0.04 93.0% ± 0.02 91.3% ± 0.04
SF 94.6% ± 0.00 94.9% ± 0.00 94.9% ± 0.00

Table 3: Performance rates (and respective standard deviations) on 50
simulations with all (all) and selected features (SF).

All Features Selected Features
Sensitivity 0.39 (0.31) 0.76 (0.02)
Specificity 0.99 (0.01) 0.98 (0.00)

Table 4: Shows the results for the sensitivity and specificity rates when
using all features and model pre-selected features when training with 60%
of the data set. By performing feature selection, it clearly beneficts the
prediction by attaining higher sensitivity rates.

5294 patients, logistic regression misses in performing the correct diag-
nosis in 317 patients. This result can be properly analysed by considering
two possible errors that may be occurring. Knowing the importance on
identifing normal (or benign) cases as truly normal (benign) cases or, in
the same way, on identifing pathological (or malign) cases as truly patho-
logical (malign) cases, we considered the sensitivity and specificity mea-
sure.

Values presented on Table 4 where calculated based on the perfor-
mance analysis discussed on the previous section. It can be observable
that logistic regression achieved higher sensitivity rates when using the
pre-selected features. This has to do with some of the existing features
that could erroneously bias our model.

5 Conclusion

It has been stated in the literature that an early detection of hypertension
on children can avoid or diminish the probability to contract cardiovas-
cular diseases in the adulthood. Standard routines involve a considerable
amount of time to medical doctors. They encompass, for instance, pa-
tients’ record and historical data analysis to determine the health condi-
tion of a child. A CAD system can lessen this burden by providing an
effective way to discriminate normal patients from hypertensive to allow
a more intensive monitoring of risk groups. Another advantage that this
system can provide is the ability to reason the pathological condition of a
patient. In this work we performed a preliminary study on the detection
of hypertension in children and which features are more relevant for the
automatic learner. We have also assessed their performance and measure
their effectiveness in avoiding false negatives.
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Abstract

Carotid plaques are one of the commonest causes of neurological symp-
toms due to embolization of plaque components or flow reduction. The
classification of plaques vulnerability is then a relevant clinical issue, and
a technical challenge. Recently, several atherosclerotic plaque charac-
terization methods were proposed based on plaque morphology assessed
through 2D ultrasound. One of these methods, proposed by Seabraet al.
presents a measure with clinical significance, known as enhanced activity
index (EAI), that the clinician then uses to classify the plaque.

The present paper builds upon that work and by using machine learn-
ing, proposes an ensemble classifier that shows promising results globally
outperforming both gold medical standard degree of stenosis and EAI.
Results are obtained on a real clinical database of 146 plaques of which
44 of them are symptomatic.

Future work will investigate the predictive performance of the pro-
posed classifier,i.e., how well does the classifier identify stable lesions at
high risk of becoming symptomatic.

1 Introduction

The arteries that supply our brains, the carotids, are prone to develop
atherosclerotic plaques that reduce blood flow. More dangerous than that,
they are vulnerable to rupture or break-away and block smaller vessels
causing ischemia (death) to the surrounding tissues. Carotid bifurca-
tion disease is actually responsible for one-third of acute cerebrovascular
events, hence it has a major clinical and social impact.

A stable Carotid plaque is usually benign with a stroke risk around
3% annually, but a more vulnerable plaque migth easilly cause myocar-
dial infarction, stroke and lower limb ischemia. Correct characterization
of the carotid disease is then vital for an accurate decision to surgically
remove the plaque (carotid endarterectomy) or not. The major premise
here is that a vulnerable plaque contains predictive information for future
cardiovascular events. Hence, its detection might play a major role in
the treatment decision that has important clinical, social and economical
consequences.

The degree of stenosis (arterial lumen narrowing) is up to now con-
sidered the most important features for determining the plaque vulnera-
bility. This metric, together with other patient information such as age,
health and clinical history are features clinicians usually use to subjec-
tively decide upon endarterectomy. Even though, several numerous stud-
ies [1, 2, 3, 4] report that plaque morphology is also an important ultra-
sound marker that positively correlates with symptoms.

Ultrasound (US) is a suitable imaging technique to assess this patho-
logical condition mostly because it provides real-time visualization and
interpretation of the carotid plaques, it is non-invasive, does not involve
ionizing radiation, it is cheap and is very common in clinical facilities.

There are several recently proposed methods [1, 2, 4, 5], that make
use of plaque morphology to characterize carotid plaques. In general it is
argued that an optimal method for identifying vulnerable lesions should
include morphological and textural features, extracted from pixel inten-
sity information, and clinical information regarding plaque structure and
appearance (e.g. stenosis, evidence of surface disruption and presence of
echogenic cap) given by experienced physicians. The combination of this
information is expected to produce a more comprehensive description of
the profile of a vulnerable plaque.

J.Seabra method [5] makes use of very interesting texture features,
by not discarding the so called "image noise", but rather considering this
as an important information source of tissue texture, translated into US
speckle. It then proposes a measure with clinical significance, known as

enhanced activity index (EAI), that the clinical then uses for classification.

Although this method might be comfortable for the clinicians, be-
cause it provides them with a score that they are used to having (such as
the degree of stenosis, age, etc) to them make a decision upon, it restricts
the classifier structure and hence it’s performance.

In this work we propose a full machine learned classifier that makes
a binary detection of plaque vulnerability, and that outperforms both the
degree of stenosis (DS) gold-standard and the EAI score method.

2 Problem Formulation and Data

We wish to develop a classification method to decide if a carotid lesion
(plaque) is associated to neurological events (symptoms). A plaque was
considered symptomatic when amaurosis fugax (AF) or focal (transitory,
reversible or established) neurological symptoms in the carotid territory
were observed in the previous 6 months. We then have a binary detection
problem, where we define the positive class (P) as symptomatic and the
negative class (N) as asymptomatic. The available dataset contains 146
ultrasound b-mode images of real carotid arteries with plaques, from a
cross-sectional study of 99 patients (75 males and 24 females with a mean
age of 68 years (41-88)) acquired atCardiovascular Institute of Lisbon
andDepartment of Vascular Surgery, Hospital de Santa Maria, Lisbon.
The ground truth of this database isN = 102(70%) andP= 44(30%).

3 Methods

We employed a three-step method sketched in Fig. 1. The first step (i)
consists of feature extraction from the US images. The second (ii) step
consists of training and evaluating several classifiers in the full dataset
feature space. In the third (iii ) stage a final classifier ensemble is build
and evaluated on a reduced feature space.

Figure 1: Scheme of the phases (i, ii , iii ) implemented to build and eval-
uate the proposed classifier.
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3.1 Feature extraction(i)

The final dataset is comprised of two subsets of features:A) the 4 fea-
tures obtained by the clinician (existence of fibrous cap, surface disrup-
tion, plaque texture homogeneity and DS) which are mainly binary and
B) 110 features computationally extracted from the images, via a series of
post-processing steps (histogram features, Rayleigh mixture models fea-
tures, Rayleigh parameters, textural features, morphological features, etc)
[5] consisted of real numbers.

3.2 Classifier evaluation and selection(ii)

We usethe PRTools MatlabR© toolbox to train and test 18 different clas-
sifiers on the separate subsetsA andB, using a bootstrap approach. Al-
though we do not present comparison results, this dataset separation lead
to better results, presumably because of their different nature. Almost
unbiased metrics of Probability of error, Sensitivity, Specificity and Pre-
cision are computed using the.638 bootstrap estimate:

metric632= 0.382×metricApparent+0.632×metricJack−kni f ing (1)

where the apparent (optimistic) estimate has equal training and test sets,
and Jack-knifing is a pessimistic estimator where training and sets are
disjoint. All sets are randomly selected, and metrics averaged over 100
bootstrap repetitions.

As expected, several classifier have similar performance on dataset
A, due to its low dimensionality, including the Support Vector Classifier.
On the other hand on datasetB the classifiers performances diverge. We
then construct a stacked ensemble of the top 5 classifiers onB with the
lowest difference between sensitivity and specificity and below average
probability of error (see Table 1). Besides its intrinsic logic, the main
reason for using this criteria is that the method in [5] also proposes the
same "sensitivity = specificity" to set the final threshold over the EAI
score for classification purposes, and we wish to have a fair comparison
as much as possible.

The classifiers combination rule follows the class which yields the
highest value of the product of the classifiers posterior probabilities.

3.3 Feature Selection and classifier ensemble(iii)

To avoid classifier overfitting, feature selection reduced the size of subset
B from 110 to 11 features (subsetC). This dimension was optimally de-
termined by the forward-search procedure as the feature space that lead
to the lowest probability of error, taking the 1-Nearest Neighbor criteria.

The final classifier is a parallel ensemble of the stacked classifiers (see
Table 1) on dataset C and the Support Vector Classifier on dataset A. The
combination follows the class with the highest vote of the base classifiers
by using:

D(k, j) = (v+1)/(n+c) (2)

in which v is the number of votes objectk receives for classj , n is the total
number of classifiers, andc the number of classes (two). The training and
evaluating procedures are the same as described in section 3.2.

4 Experimental Results

The performance results of the individual classifiers on both subsetsA and
B, discussed in section 3.2, are display on Table 1

Classifier Set Prob. Error Sensitivity Specificity Precision

Quadratic
Discriminant B 30.53±0.31 65.97±1.11 70.97±0.47 55.47±0.37

Fisher B 30.91±0.27 65.51±1.27 70.67±0.43 55.39±0.36
Logistic B 29.26±0.28 66.90±1.11 72.44±0.42 57.37±0.38
Parzen B 26.98±0.20 60.23±2.14 78.96±1.30 57.55±0.97
Linear Bayes B 27.88±0.28 55.99±1.02 79.13±0.44 54.62±0.67

Support Vector A 16.04±0.19 73.36±1.11 88.11±0.25 72.96±0.75

Table 1: Individual classifier performances on the subsetsA andB. All metrics are .638
corrected for a more unbiased estimate. Only one classifier forA is shown because several
classifiers displayed very similar behaviour.

The performance of the classifiers on datasetB is clearly not as good
as onA, as expected. The stacked classifier ensemble help then to dilute

Figure 2: Proposed classifier performance compared to the standard cri-
teria (DS) and the EAI score.

their errors and obtain a better predictive performance, as we can seein
Fig. 2.

These final results (Fig. 2) show a relative reduction of error proba-
bility of 61% over DS and 56% over EAI. Precision also displays better
performance with an increase of 41% and 36% over DS and EAI, respec-
tively. Although Specificity also shows a performance with a 21% relative
increase over both DS and EAI, there is a trade-off in Sensitivity where
there is a decrease of 8% and 7% respectively.

5 Conclusions and Future work

We present a work-in-progress that shows promising results in the detec-
tion of asymptomatic v.s. symptomatic (vulnerable) carotid plaques, us-
ing a machine learned classifier ensemble over a set of features extracted
from ultrasound images by both the clinician (A) and computer process-
ing (B). We approach the problem by building two expert classifiers on
both (A) and (B) datasets, and ensemble them in a parallel classifier. To
build these experts we search for good performance individual classifiers
out of 18 on these subsets, and ensemble them in a stacked approach for
dataset (B).

After feature selection, to avoid overfitting, final results show a sig-
nificant increase in performance on error probability, specificity and pre-
cision when compared to the degree-of-stenosis (which is the medical
standard) and the EAI method proposed in [5]. But there is still a de-
crease in Sensibility which does not allow us a clear statement of over
performance. Future work will be focusing on this sensitivity issue.

This detection procedure allows a characterization of the plaque vul-
nerability. Future work will provide an estimate of the predictive power
(indentify asymptomatic plaques that develop symptoms down the line)
of this characterization on a longitudinal study.
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Abstract
1 Carotid atherosclerosis diagnosis is made based on patient history and
ultrasonography imaging. Understanding how the prevalence of this dis-
ease in the target population may affect the decision threshold in ROC
curve analyses and provide an enhanced and more objective decision pro-
cess for carotid atherosclerosis diagnosis and treatment is addressed here.
Previous work has shown that strategies based on scores, like the Youden
index, well known and vastly used in medical diagnostic tools, can be
adapted to a prevalence dependent analysis, as well as Descending Diag-
onal Interception Criterion (DDIC). It is introduced to the referred meth-
ods a weight factor λ , that allows the possibility of weighting differently
the TPR and the FPR. In general medical applications, the cost associ-
ated with True Positive Rate (TPR) is different from False Positive Rate
(FPR), hence weighting them differently is a useful feature. It is graphi-
cally shown the influence of this factor in medical decision making when
selecting patients for endarterectomy, as different cut-off values arise.

1 Introduction

It is clear that medical decision sustained by Computer-Aided Design
(CAD) tools and other support tools for the decision making process, will
allow better reproducibility and objective results. The diagnostic perfor-
mance of a test, or the accuracy of a test to discriminate diseased cases
from normal cases is evaluated using Receiver Operating Characteristics
(ROC) curve analysis [6]. They are also used to compare the diagnos-
tic performance of two or more classifiers. Hence, a worthwhile analysis
about sensitivity and specificity (for each decision point) is a key aspect of
our methodology. The principles of varied methodologies that are found
in the literature addressing ROC curve analysis do evaluate a given clas-
sifier for its performance. Though, none of these methodologies provided
a method answering to a priori knowledge of population behavior or in-
cidence. It is also important to consider a more flexible evaluation of
patients, given the physiologist experience, time line, economical and lo-
gistical aspects.

2 Problem Formulation

Our goal is to correctly classify a patient into specific populations and
consequently, choose the appropriate decision threshold value for the de-
cision making process. This decision point will, from now on, be referred
as cut-off. For every possible cut-off point or criterion value you select to
discriminate between the two populations, there will be some cases with
the disease correctly classified as positive (TPF = True Positive fraction),
but some cases where the disease will be classified as negative (FNF =
False Negative fraction). On the other hand, some cases without the dis-
ease will be correctly classified as negative (TNF = True Negative frac-
tion), but some cases without the disease will be classified as positive
(FPF = False Positive fraction) [3]. The referred classifications are usu-
ally presented in a contingency table, also called confusion matrix [1].

The Sensitivity of a diagnostic test, also called True Positive Rate
(TPR), is defined as T PR = T P

T P+FN . It can be understood as the probabil-
ity of classifying a subject as positive, when the disease is present. Speci-
ficity [5] is defined as Speci f icity = 1−FPR where FPR = FP

T N+FP . It is
the probability that a test result will be negative when the disease is not
present.

In the specific case of endarterectomy, a binary classification prob-
lem, two classes are considered: ωS and ωA containing the subjects that

1This work was supported by the FCT project [ PEst-OE/EEI/LA0009/2011].

will present symptoms in the future and that will continue asymptomatic,
respectively. The main goal concerning endarterectomy is to decide what
class a given subject belongs to. Based on the respective Enhanced Ac-
tivity Index (EAI) score patients are classified as symptomatic or asymp-
tomatic. Hence, it is expected with real data that the distributions overlap,
as one rarely observes a perfect separation between the two groups.

A close analysis of cut-off criteria is necessary in order to correctly
decide which criterion is most appropriated for different situations. The
Descending Diagonal Interception Criterion (DDIC) and Youden’s cri-
terion, already addressed in [2] are two examples of how one can select
the most appropriate cut-off. They will now be analysed in a graphical
receiver operating characteristic approach. For the present work, it is nec-
essary to understand cut-off selection by the need of correctly classifying
patients as symptomatic or asymptomatic, but also, to adjust that classifi-
cation with economical and logistical aspects. We introduce a possibility
that considers different weighing in Sensitivity(TPR) and Specificity (1-
FPR) values, providing adjusted cut-off values.

3 ROC Geometrical Approach

ROC curves are used in medicine as a way to analyse the performance
of diagnostic tests. This allows the determination of the cut-off value
for distinguishing, for example, between positive and negative test re-
sults. Diagnostic testing is almost always a tradeoff between sensitivity
and specificity and ROC curves provide a graphical representation of this
tradeoff [4].

Since both Sensitivity, Sens(c), and Specificity, Spec(c), depend on
the cut-off parameter, the ROC curve can be defined as the following para-
metric curve, s(c) : R→ R2, where s(c) = (1−Spec(c)︸ ︷︷ ︸

x(c)

,Sens(c)︸ ︷︷ ︸
y(c)

). We plot

a point representing these rates on a two dimensional graph. The graphi-
cal representation of these sensitivity/specificity pairs, when the densities
are fixed but the cut-off c is changed, represent the ROC curve.

Figure 1: Exemplificative ROC curve with reference points.

To better understand the dynamic of ROC plots, Figure 1 presents
four points of analysis. Together, these points represent extreme situa-
tions of ROC analysis, gathering also the best and worst case scenarios.
Point a) is the best possible result. It represents a test with perfect discrim-
ination with a ROC curve that passes trough the upper left corner (Sensi-
bility=1 and Specificity=1). A curve that passes through point c) misses
all classifications (Sensibility=0 and Specificity=0). It represents a clas-
sifier that indicates a healthy patient as diseased, and a diseased patient
as healthy. Point b) represents a classification of all individuals as symp-
tomatic, regardless of score (Sensibility=1 and Specificity=0). Finally,
point d) represents a classification of all patients as asymptomatic, re-
gardless of score (Sensibility=0 and Specificity=1). Therefore, the closer
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the ROC curve is to the upper left corner, the higher is the overall accuracy
of the test [6]. The problem under analysis is about Sensitivity/Specificity
values between 0 and 1, that results in the representation of a curve which
demands further evaluation criteria for the selection of the appropriate
cut-off value. Criteria for the computation of an optimal cut-off value are
described next.

Descending Diagonal Intersection Criterion (DDIC)
From the ROC perspective, this criteria sets the optimal cut-off in the

interception point between the ROC curve and the descending diagonal.
This criterion may be formulated as

T PR+FPR = 1 (1)

The interception of the ROC curve with the line at 90 degrees to the
no-discrimination line is considered as an heuristic method to investigate
the cut-off providing the best discriminative power of the test (or predic-
tive method), maximizing the TPR and minimizing the FPR. In general
medical applications, the cost associated with TPR is different from FPR,
hence weighting them differently is a useful feature. Accordingly, let us
consider the cost variable λ in our criterion, and expand equation 1, such
that

λ ×T PR+(1−λ )×FPR = λ (2)

Figure 2: Representation of different interception lines weighted by λ for
the DDIC.

For easier interpretation, the presented calculations provide a direct
graphical and geometrical analysis of the interception line, which allows
the selection of the cut-off. Figure 2 represents the behaviour of inter-
ception lines with different λ values. So, it is easy to understand that
weighting the relative importance of TPR over the FPR will, as predicted,
result in different interception lines with the ROC curve.

Youden Criterion(YC)
From a geometrical point of view, this criterion maximizes the verti-

cal distance from the ROC curve to the non-discriminative diagonal. The
optimal cut-off, c∗, is computed by finding the stationary point of J(c)
with respect to c, dJ(c)

dc = 0 which leads to

dT PR(c)
dc

=
dFPR(c)

dc
(3)

Figure 3: Representation of different tangent lines weighted by λ for the
Youden Index.

This means that the tangent to the ROC curve at the optimal cut-off,
under the Youden criterion, has an unitary slope.

Once again, in order to consider adjustments to cut-off selection, λ is
considered in the criterion as a weighting factor. Eq. 3 can be written as:

d
dc

T PR(c)
FPR(c)

=
1−λ

λ
(4)

Figure 3 is the graphical representation of the result presented by Eq.
4. For different relative values of TPR and FPR, Youdens’s considera-
tion for cut-off selection will behave according to different slopes for the
tangent to the cut-off point on the ROC curve.

4 Discussion

The optimal cut-off under both criteria is different. In geometrical terms
the DDIC optimal cut-off, c∗, is obtained by intersecting the ROC curve
with the descendant diagonal while in the Youden criterion, the optimal
cut-off occurs when the tangent to the ROC curve is unitary. When con-
sidering different weights for λ DDIC will select the cut-off value where
the ROC curve intersects the descending line with negative slope indi-
cated by y = 1− 1−λ

λ
x. In the case of Youden’s index, the line tangent to

the optimal cut-off point in the ROC curve is given by dy
dx = 1−λ

λ
. From

the data presented by J. Seabra et al. [5] and the use of the Enhanced
Activity Index classifier, we show in Table 1, the influence in the cut-off
selection from different λ values, resulting also in different Sensitivity
and Specificity:

Lambda DDIC Youden
Sens Spec cut-off Sens Spec cut-off

1/4 0.61358 0.12 78 0.5358 0.06 81
3/8 0.69231 0.17 73 0.76923 0.24 65
1/2 0.76923 0.20 70 0.84615 0.28 59

10/17 0.76923 0.23 66 0.92308 0.30 56
5/7 0.84615 0.28 62 0.9888 0.32 42

10/11 1 0.31 51 1 0.36 2
Table 1: Values of lambda and respective sensitivity, specificity and cut-
off values for DDIC and Youden Index.

5 Conclusions

In population selection, the inclusion of different weight values λ can be
interpreted as a wider, or narrower, selection of the symptomatic popu-
lation, resulting in bigger or smaller values of TP fraction. Like this, λ

represents an adjustment that can be made to the initial criterion. A nar-
rower and less demanding selection of TP is given by smaller values of
λ . Bigger values of λ will represent a wider selection of the symptomatic
population (resulting in more TP). When applying these thoughts to the
endarterectomy situation, one would want to have bigger values of λ for
situations where less resources (human, economical or even logistical) are
available. The opposite is also true, allowing with lower values of λ more
patients to be submited to surgery. Like this, further work is needed in
order to understand how this parameter would result as a cost function for
endarterectomy decision making.
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Abstract

Psychological studies indicate that facial dynamics is a biometric, i.e.,
it can be used for identity recognition. Based on this information, the
present work attempts to demonstrate that facial motion alone is suffi-
cient for performing person identification. Besides identity recognition,
expression recognition is also performed. The work developed includes
the usage of a facial descriptor which makes use of dense texture infor-
mation, Volume Local Binary Patterns (VLBP). Since it is desirable to
analyse only the dynamic components, image subtraction is used for re-
moving shape and texture information. Moreover, tensors are used for
performing data analysis. The novelty in this work includes the develop-
ment of a procedure which combines existing techniques in a new way.
In general, all the experiments yielded good results, demonstrating that
facial dynamics is a proper biometric. Confirmation was obtained since it
has been shown that it is possible to identify an individual whose appear-
ance is significantly different from the original.

1 Introduction

Identity and expression recognition has been a branch of computer vi-
sion with growing importance in the past decades. The term “biometrics”
refers to the measurable biological characteristics which are used to quan-
tify the physical features of an individual for use as a means of identifi-
cation. A relatively new area of study is the dynamics of facial expres-
sion. The term “dynamics”, in this context, can be defined as the changes
in facial motion over sequential time. One of the advantages over static
analysis is that facial dynamics is less affected by physical changes such
as ageing, gaining weight, wearing glasses, growing a beard, etc. Stud-
ies show that body and facial movements support person identification.
There is considerable evidence that dynamic information is not redundant
and may be beneficial for various aspects of face processing, including
age, gender, and identity recognition ([3], [5]). Based on this knowledge,
the main objective of this work is to corroborate the following hypoth-
esis: facial expressions can be used as an effective biometric for person
identification. The growing importance of facial dynamics as a field of
research, in both identity and expression recognition, is due to its many
applications and to the fact that it constitutes a relevant biometric.

The overall methodology of the procedure presented in this work in-
cludes the usage of a dense facial descriptor (VLBP) of the six basic emo-
tions (anger, disgust, fear, happiness, sadness and surprise), a technique
for reducing shape and texture information (image subtraction) and a data
analysis method (decomposition of tensors).

2 Volume Local Binary Patterns

Volume Local Binary Patterns (VLBP) [2] are an extension of the clas-
sic Local Binary Patterns (LBP) to perform dynamic texture analysis and
represent temporal sequences as vectors. In general terms, the LBP oper-
ator forms labels for the image pixels and creates a histogram using these
labels as a texture descriptor. Firstly, the neighbourhood of a pixel, com-
posed of P equally spaced pixels on a circle of radius R, is thresholded
with the value of that pixel and a binary number is assigned to it. Af-
terwards, for every pixel in the neighbourhood, a weight is defined. By
summing the multiplied weights and binary values, an LBP code is ob-
tained for each pixel. Finally, the occurrences of the LBP codes in the
image are collected into a histogram which is the texture descriptor of the
image. The LBP operator only deals with spatial information. To incor-
porate temporal information, VLBP can be used. The idea is that instead
of considering a 2D neighbourhood, the face sequence is seen as a rect-
angular volume and the neighbourhood of each pixel is defined in three
dimensional space. In this work, each face in each frame is detected, using

a software for locating faces, and aligned to a reference frame. Alignment
of the faces is needed because VLBP computes the codes considering the
neighbourhood of each pixel, in sequential frames, and thus translation,
rotation and scale components must be removed.

3 Tensors

Tensors [1] are multidimensional arrays of data and therefore can be used
to analyse multivariate data. A vector is considered as a first-order ten-
sor and a matrix as a second-order tensor. In this work tensors are used
to describe dynamic sequences of different people performing different
expressions. Extending the concept of matrix SVD, Higher Order SVD
(HOSVD) decomposes an N-order tensor D into N orthogonal spaces
U1,U2 . . .UN and expresses D as the mode-n product: D = Z×1 U1×2
U2 . . .×N UN , where Z is the core tensor. In this work, HOSVD is used
as in [1]. It is beneficial since it allows a multi-factored space to be de-
composed into its constituent modes. The different modes can then be
analysed separately and important information about the data can be ex-
tracted. A database with a significant amount of individuals may com-
prise a great variation of textures (due to different ethnicity), lighting
conditions, poses, genders, facial expressions, etc. It is often desirable
to analyse only a certain characteristic (e.g. the gender) in the presence
of variations of other characteristics. Thus, a technique for separating
the different characteristics is of great use, so that only the target one is
considered. Tensor analysis can be used for solving this problem, since
it provides a separation of the data in subspaces representative of each
characteristic. In this work, identity and facial expressions are the two
characteristics subject to analysis.

4 Frame Subtraction

Since the main objective of this work is to demonstrate that facial dynam-
ics is a biometric, experiments are performed not only using the original
data sets but also modified data sets which attempt to eliminate or reduce
the component related to facial shape and texture by subtracting the neu-
tral face of each individual from every frame in the database. The result
for a sequence of frames is shown in figure 1, where it can be seen that
only the areas which exhibit greater dynamism are depicted.

Figure 1: Frames from the original (top) and the subtracted (bottom)
databases.

5 Identity and Expression Recognition

Each face is represented by a grey scale image of 40×40 pixels. A soft-
ware for locating faces which removes translation and scale components
is used. Rotation components are removed using the positions of the
eyes. Previous work [1] has shown that different streams of a certain
facial expression, which are short sequences representing part of the fa-
cial expression, have similarities in the sense that when represented in the
same referential, they cluster together. These streams are constructed by
sampling each sequence using a windowing technique such that multi-
ple samples of each sequence are ascertained. VLBP is the used texture
descriptor so that each stream is represented by an histogram of grey lev-
els. Each stream is created by concatenating histograms obtained after
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No. of Subtracted DB Original DB
Blocks Identity Recog. Expression Recog. Identity Recog. Expression Recog.

1x1 76.04% 64.58% 89.58% 62.50%
3x2 91.67% 82.29% 100% 85.42%
5x4 98.96% 89.58% 100% 86.46%

Table 1: Results obtained with stream length 40 and step size 5 frames.

Length Step % Identity Recog. % Expression Recog.
25 22 (12%) 100 / 100 91.38 / 99.43

25 (0%) 98.28 / 98.38 83.91 / 97.13
35 20 (43%) 100 / 99.43 99.43 / 98.85

30 (14%) 98.85 / 98.85 88.51 / 94.25
45 15 (67%) 100 / 100 100 / 100

24 (47%) 100 / 100 100 / 97.70
Table 2: Results obtained using both the original (left values) and the
subtracted (right values) databases. 3× 2 blocks were used. The values
between parenthesis indicate the maximum percentage of common frames
between the query sequence and the training sequences.

applying VLBP to M×N volumes, constructed by dividing each frame
in M×N non-overlapping blocks. Since the histograms encode texture
and temporal information, a 3D-tensor is created, so that identity, facial
expressions and VLBP code occurrences are represented in orthogonal
subspaces. More specifically, for a 3D tensor D ∈ RI×J×K , I is the num-
ber of people in the data set, J is the number of facial expressions (in this
case it is 6) multiplied by the number of repetitions of each expression
and K is the dimension of each facial sequence. Using HOSVD, tensor D
is expressed as the mode-n product of a core tensor, Z , and 3 orthogonal
subspace matrices, Upeople, Uexpressions and UhistVec.

For the each subspace matrix, each row vector represents one ele-
ment of the considered characteristic and the row vectors span the space
of that characteristic from the database across the remaining ones. Each
test vector is projected to people or expression subspaces, and identity
and expression classification are performed by computing distances to the
row vectors of these subspaces. This method can be considered inno-
vative since no other method makes use of VLBP as descriptors for the
construction of tensors.

5.1 Experimental Results

Databases 1, 2 and 4 comprise 4, 29 and 1 people, respectively. Database
4 includes facial expressions with appearance changes.

5.1.1 Database 1

Using Database 1 to evaluate the effect of the number of blocks used, re-
sults are shown in table 1. In theory, using more blocks leads to a more
detailed description of the faces since the grey level histograms are cre-
ated using smaller parts of the face. In practice, this can be confirmed
by analysing the results which show that higher identity and expression
recognition rates are obtained as the number of blocks increases. Compar-
ing to the results obtained in [4], where identity and expression recogni-
tion are performed using Database 1, the improvement in both recognition
rates is of 4%, approximately.

5.1.2 Database 2

Table 2 shows the results for varying stream lengths and step sizes, us-
ing Database 2. Smaller steps, which correspond to higher percentages
of common frames between training and testing sequences (overlapping),
lead to higher identity and expression recognition rates. In this case, even
with very small or even non-existing overlapping, very high expression
recognition results are obtained. Considering only expression recogni-
tion, experiments with Database 2 show that the difference between rates
obtained with the subtracted and the original data sets is higher than when
using Database 1. This is due to the fact that larger intersubject differ-
ences are present, resulting in worse expression recognition results when
using the original data set. This can be confirmed by observing figure
2, which depicts the differences between expression recognition rates ob-
tained with the subtracted and the original data sets, as the number of
individuals increases. Results clearly show that, as the number of people
in the database increases, the difference becomes larger.

Figure 2: Difference between expression recognition rates obtained with
the subtracted and the original data sets, for increasing number of people.

Face Original DB Subtracted DB
Painted 27.8% 81.1%

With Foam 0.00% 74.5%
Table 3: Average identity recognition rates.

5.1.3 Databases 1 and 4

In order to test the efficacy of this procedure in the presence of significant
appearance changes, a new database was created, Database 4, in which an
individual performs the six basic expressions, three times each, without
and with appearance changes (using paint and foam). Experiments are
performed by merging databases 1 and 4, so that 5 individuals are consid-
ered. The altered sequences of Database 4 are used for testing. Since it
is desirable to assess the method as a biometric, only identity recognition
results are shown.

Average identity recognition results obtained after varying stream lengths
and step sizes are shown in table 3. It can be observed that even with the
original data set, some streams of the subject’s painted face were correctly
classified, which indicates that the subject is not completely unrecognis-
able. However, much higher rates were obtained when using the sub-
tracted data set because the identification was performed by using mostly
dynamic information. In this case, very good recognition results were
achieved, proving that facial dynamics is definitely a useful biometric. For
the sequences filmed with the face covered with foam, with the original
data set, the significant change in appearance leads to incorrect classifica-
tion for all the query streams. Reducing shape and texture components,
leads to a great increase in the recognition rates. It has been demonstrated
that facial dynamics is an efficient biometric since it is clearly possible to
perform identity recognition even when the individual is “masked”.

6 Conclusion

This work demonstrates that facial dynamics, in the form of facial expres-
sions, constitutes a biometric, i.e., can be utilised for performing identity
recognition. It has been observed that, in the presence of a significant
number of individuals, using dynamic information alone, by minimising
or even removing shape and texture information, yields better recognition
results. This indicates that the interpersonal differences, more evident
in shape and texture cues, constitute disadvantageous information when
encoding the different facial expressions. The relevance of the good re-
sults obtained with the new database is that they evince the fact that facial
dynamics is indeed a proper biometric, because the individual cannot be
identified using its texture and shape information alone.
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Abstract
The  DigiScope  project  aims  at  developing  a  digitally  enhanced  stethoscope 
capable of using state of the art technology in order to help physicians in their 
daily medical routine. In this work, we present a preliminary analysis and study 
of the first auscultations performed on children of a Brazilian hospital. Results 
indicate that classifiers can be obtained that distinguish reasonably well patients 
with cardiac pathologies from those that do not have pathologies.

1 Introduction
Digital  stethoscopes  are  medical  devices  that  can  collect,  store  and 
sometimes  transmit  acoustic  auscultation  signals  in  a  digital  format. 
These can then be replayed, sent to a coleague for a second opinion,  
studied in detail after an auscultation, used for training or even can be 
used as a cheap powerful tool for screening cardiac pathologies.

DigiScope [1,2]  is one of the enhanced stethoscopes that aims at 
using state of the art technology in order to help physicians in their daily 
medical  routine.  DigiScope  aims  to  be  a  prototype  of  a  digitally 
enhanced  stethoscope,  capable  of  automatically  extracting  clinical 
features from the collected data, as well as providing a clinical second 
opinion on specific heart pathologies.

In this work, we use data collected by the DigiScope Data Collector, 
which is being used in two hospitals, one in Portugal and another one in  
Brazil [1]. The data collected in Portugal is from adults while the data 
collected  from  Brazil  is  from  children.  In  this  particular  paper,  we 
concentrate  on  analyzing  the  Brazilian  children  data.  We give  some 
statistics about the data being collected in Brazil and report preliminary  
results  on the correlation among the data  attributes  that  may lead to 
valuable recommendations to the doctors and their patients.

This work was approved by the Ethical Review Board of the Real 
Hospital Português.

It has two goals:
1. automatically learn classifiers that distinguish between normal 

patients and those with any cardiac pathology. Our classifiers 
rely only on the cardiologist provided annotation and not on 
the raw sound data itself.

2. automatically  extract  new and relevant  knowledge from the 
dataset.

Very  few  works  in  the  literature  report  on  prediction  of  heart 
diseases using machine learning techniques.   A recent work [3] had as 
objective to model the detection of heart  failure more than 6 months 
before  the  actual  date  of  clinical  diagnosis  using  machine  learning 
techniques to Electronic Health Record (EHR) data. They compared the 
performances  of  logistic  regression,  SVM  and  Boosting  along  with 
various  variable  selection  methods  in  heart  failure  prediction.  They 
reported a value of 0.77 for the Area Under the ROC (AUROC) for the 
best classifier. With our dataset and performing an exhaustive search for 
the best classifier, we obtained an accuracy of 90.5% and AUROC of  
0.83 on unseen cases.

2 Materials and Methods

2.1 Data
The  DigiScope  application  has  been  used  for  four  months  at  two 
hospitals.  During  this  period,  June  to  September  2011,  around  200 
patients (children) were auscultated at the Real Hospital Português, in 
Pernambuco, Brazil.  Each auscultation was recorded, and a XML file  
containing the physician annotated data was associated with each sound 
file. In this work, we focus only on the annotated nominal data available 
in the XML files. For each patient, we have 40 attributes, but we only 
use the variables that were annotated for the majority of the annotations 
(i.e.,  those that  have  few missing  values).  These attributes  are:  Age, 

Height  (cm),  Weight  (kg),  SystolicSystemicPressure  (mmHg), 
DiastolicSystemicPressure  (mmHg),  Sex,  AuscultationPosition, 
SystemicPressureMethod,  Murmur,  S2Status,  IfAbnormal, 
PulmonaryComponent,  CardiacPathology,  CardiacPathologyType, 
S1Status, PressurePosition, S3Exist, S4Exist, StatusForm.

The average age for the children in the study is 7.3 years.
We worked with the 169 cases that had almost complete annotations 

and were not missing the class label CardiacPathology. 40 cases were 
labeled  as  having a  CardiacPathology while  the  remaining  129  were 
annotated as being normal. Besides being auscultated, every patient also 
had  an  ecocardiogram.  The  final  label  for  CardiacPathology  was 
determined  during  auscultation  and  possibly  modified  after  the 
ecocardiogram.

2.2 Methodology
Besides the original attributes, we derived the following additional ones: 
body mass index (BMI, calculated as the person's weight in kilograms 
divided by the square of the height in meters), and categorized versions 
of  SystolicSystemicPressure  (mmHg)  and  DiastolicSystemicPressure 
(mmHg),  according  to  the  children's  sex,  age  and  respective  height 
percentiles.

For training, we omitted the attributes related to weight, height and 
age, since these are captured by derived attributes generated, such as  
body mass index (BMI, calculated as the person’s weight in kilograms 
divided by the square of  the height  in  meters).  We used categorized 
versions of the attributes in order to ensure that the discretized versions 
are medically relevant. No weighing was used to compensate the class 
size imbalance. 

Our  main  goals  with  this  work  are:  (1)  to  distinguish  between 
abnormality (patients that have a cardiopathy) and normality (patients 
that  do not  have any cardiopathy),  and (2)  explore  the data  for  new 
relevant knowledge. For the first goal we focused on learning a classifier 
to predict CardiacPathology using the other attributes. According to the 
specialists, the attribute Murmur is considered to be very important to 
predict  a  cardiac  pathology.  In  order  to  study  the  influence  of  the 
attribute Murmur, we also performed experiments removing the attribute 
Murmur from our dataset. These experiments were performed using the 
WEKA  tool  [4].  We  compared  several  classifiers  with  a  variety  of 
parameters.   For all the experiments, we used stratified 10-fold cross-
validation with 10 iterations, with tuning sets. We compared the results  
using a two-tailed corrected paired t-test, with p=0.05. The best models 
found with the internal tuning were then applied to the test  sets. We 
report  the  average  number  of  Correctly  Classified  Instances  (CCI), 
sensitivity and specificity, calculated according to what is discussed by 
Forman and Scholz [5].

For  the second goal,  we  focused on  exploring the  data  trying to 
discover new knowledge. In WEKA, we used association rule mining, 
feature selection and used classifiers that produce interpretable results 
(e.g., J48). When trying to find relations among attributes, in the WEKA 
system, we tested all possible combinations of “Attribute Evaluator” and 
“Search Method”. The most frequent ranked attributes were used again 
to further filter and select the best attributes. Interestingly, the attribute  
Murmur was highly ranked.  This step was done using 10-fold cross-
validation and in  each run,  we selected the attributes that  were most 
frequently selected in the 10 folds. We also used Aleph [6], an inductive 
logic  programming  system  that  produces  human-readable  first-order 
rules. Experiments with Aleph were performed over the entire dataset.

3 Results
The best models found in the internal 10-fold cross-validation (tuning) 
were applied to the test sets. When predicting CardiacPathology, with 
the attribute Murmur, in seven folds, the best classifier was Grading, and 
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in the remaining folds, SMO. The overall performance on the tuning and 
test  sets  are  shown  in  Table  1.  The  results  on  the  tuning  sets  are 
statistically better than ZeroR, which we use as the reference classifier.

We repeated the same experiment, removing the attribute Murmur 
from our dataset (Table 2). For this experiment, the best results were 
always obtained with a Naive Bayesian network classifier in all folds. 
The accuracy (CCI) is statistically worse than the accuracy achieved by  
the classifier that uses Murmur, and not statistically different from the 
reference classifier ZeroR. Not every murmur is related to a pathology,  
but in our dataset, the attribute Murmur seems to be very important to 
predict it. These results suggest that, if possible, the attribute Murmur 
should always be annotated. If not, with only the attributes we have, our 
classifier would have a poor performance. One alternative would be to 
extract  the  attribute  Murmur  from  the  wave  sound  through  signal 
processing, but this is an open research issue and could be a challenging 
task.  Concluding,  the  attribute  Murmur  needs  to  be  annotated  and, 
according to these experiments, is crucial to obtain a classifier that can 
predict cardiac pathology with good sensitivity and specificity.

Metrics Tuning Test
CCI (%) 91.56 90.53

Sensitivity 0.72 0.70
Specificity 0.98 0.97

Table 1 – Results with Murmur

Metrics Tuning Test
CCI (%) 79.37 79.29

Sensitivity 0.28 0.28
Specificity 0.95 0.95

Table 2 – Results without Murmur

When doing feature selection, the relevant attributes chosen by all 
algorithms  were:  BMI_def,  Age_def,  Sex, 
SystolicSystemicPressure_def,  DiastolicSystemicPressure_def, 
Hypertension,  Murmur,  Grading,  S2Status,  IfAbnormal, 
PulmonaryComponent,  CardiacPathology  and  CardiacPathologyType, 
which coincide with the attributes we used for classification.

The  HotSpot  algorithm  correlated  the  CardiacPathology  attribute 
(class  variable)  with  BMI  (these  results  were  also  obtained  using  a 
reduced set of patients  [7], where the relationship was for height and 
weight,  which are  the basic  attributes  used for  computing the BMI).  
Removing the attribute Murmur maintains this relationship, but BMI is 
replaced by Sex. Similarly, when trying to discover the best attributes to  
predict  the  class  variable  (CardiacPathology),  all  algorithms  select 
CardiacPathologyType and Murmur. In the absence of either or both of 
these  attributes,  S2Status,  IfAbnormal  and 
SystolicSystemicPressure_def  are  selected.  These  are  all  clinically 
relevant variables related to cardiopathies.

When learning first-order rules, we found an intriguing rule. This 
rule says that if a child has a systolic murmur and a high BMI (Body 
Mass Index),  it  is  very likely that the child has a pathology. BMI in  
children  is  rarely  related  to  cardiac  pathologies  according  to  most 
specialists.  This  rule  may  open  a  new  stream  of  research  into  this  
relationship in clinical practice. This rule does not contain the sex and  
age of the child and this omission needs to be further investigated. The 
rule holds for 6 out of the 40 patients with a cardiac pathology, and does 
not apply to any healthy patient (129). This finding has been discussed 
in other work. Daniels et al. [8] mention that classic signs and symptoms 
of heart  failure are not always present in obese patients, whose body 
habitus may mask signs of edema and may muffle the heart and lung 
sounds during auscultation. In their study, patients with high BMI were 
less likely to have documented murmurs.  In our dataset, the opposite 
seems to be true, since we had 6 patients with annotated murmurs and a 
high BMI.

4 Conclusions and Future Work
In this work,  we studied the first  data collected in the context of the 
DigiScope project. An application is being routinely used in 2 hospitals,  
and  already  recorded  auscultations  and  medical  information  for  200 
patients.  We  studied  the  data  annotated  for  the  patients  with  the 
intention  of  producing  classifiers  to  predict  cardiac  pathologies.  Our 
results indicate that the attribute Murmur is relevant to predict a cardiac 
pathology. In the absence of this attribute, a classifier has a very poor 

sensitivity. When learning rules, we uncovered an intriguing one that 
relates BMI with Murmur and CardiacPathology. Usually, BMI is not 
considered relevant to predict cardiac pathologies in children.

When learning classifiers, results show that we can train a classifier 
close to a specialist with a performance of 90.5%, sensitivity of 0.70 and 
specificity  of  0.97  to  predict  pathologies  on  unseen  cases.  The  area 
under  the  ROC  curve  was  0.83.  We  consider  these  results  very 
promising and have been working to acquire more data to improve the
classification task.

The work developed in the context of DigiScope has been paving 
the way to a new vision of cardiology. One important stream to follow is 
that of education in cardiology. The sounds recorded by DigiScope are 
being  used  to  train  novices  to  identify  basic  and  more  challenging 
cardiopathies.  A  second  and  also  challenging  path  is  to  process  the 
signal and extract important indicators such as amplitude and distance 
between signals (A1, P1, A2, P2 etc). With these indicators, we believe 
it will be possible to learn more effective classifiers. Our final goal is to 
have  an  integrated  tool,  capable  of  online  predicting  the  cardiac 
pathologies and recommending additional screening. Ongoing work is 
being  done  to  acquire  data  from more  patients.  We  also  have  been 
working with data from adults and from pregnant women, which poses 
new challenges on the auscultations and annotations of the sounds.
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Abstract
Building occupancy grid maps with sonar sensors is a challenging task
due to angular uncertainty, specular reflections and crosstalk. This paper
presents a qualitative comparison of two probabilistic approaches to the
robotic mapping — inverse and forward sensor models — and proposes a
different formulation to the latter. The inverse one assumes independence
of the cells while the forward is formulated as a maximum likelihood
problem over a binary grid.

1 Introduction
One of the most used map representation in robotics is the occupancy
grid map (OccGrid map), which aims to geometrically represent the en-
vironment through a grid discretization of the space. To build this maps,
one commonly used sensor is the sonar. Sonars are cheap and allow the
construction of maps even with a low number of sensors. Despite these
advantages, sonars suffer from angular uncertainty, specular reflections
and crosstalk between each other, causing erroneous and conflicting mea-
surements [5].

The typically used method to build OccGrid maps is the one pro-
posed by Elfes, making use of inverse sensor models [2]. In this ap-
proach, the occupancy of each cell is computed disregarding the rest of
the map. A different approach was proposed by Thrun, using forward
sensor models [4]. This method approaches the mapping problem in the
high-dimensional space of all maps, trying to solve erroneous and con-
flicting sonar measurements which affect Elfe’s method results.This pa-
per aims to briefly compare this two approaches and propose a slightly
different formulation to the latter.

2 OccGrid Maps with Inverse Sensor Models
In this approach, the mapping problem is treated inversely to how sonar
data is generated, being formulated as

p(M|z1:T ,x1:T ) (1)

where M represents the complete map, z1:T represents the complete set of
measurements and x1:T are the corresponding poses. This is the denomi-
nated inverse sensor model.

To simplify the mapping problem, it is assumed that the occupancy
of a given cell is not important to the computation of the occupancy of its
neighbour cells, i.e., cells are conditionally independent given measure-
ments and the robot trajectory, transforming the mapping problem into a
binary estimation problem,

p(mi|z1:T ,x1:T ), (2)

where mi is an individual cell of the complete map. A second assumption
made is the static world assumption, considering a measurement t con-
ditionally independent from the previous measurements given the map
knowledge. This is a common assumption in mapping but given the de-
composition into a binary problem this becomes a much stronger and also
incorrect assumption, since it considers conditional independence given
only a map cell and not the complete map. Additionally, the pose in the
instant t is independent from the poses in previous instant times. So, for
time t:

p(zt |z1:t−1,x1:t ,mi) = p(zt |mi,xt) (3)

Given these assumptions and applying the Bayes rule to (2), we have:

p(mi|z1:t ,x1:t) =
p(mi|zt ,xt)p(zt |xt)p(mi|z1:t−1,x1:t−1)

p(mi)p(zt |z1:t−1,x1:t)
. (4)

As is common practice, we will compute the log odds of this probability
instead of the probability itself:

1This work was supported by the FCT project [ PEst-OE/EEI/LA0009/2011]

lt
i = log

p(mi|zt ,xt)

1− p(mi|zt ,xt)
− log

p(mi)

1− p(mi)
+ lt−1

i , (5)

where lt
i represents log p(mi|z1:t ,x1:t )

1−p(mi|z1:t ,x1:t )
. The term lt−1

i equals log p(mi)
1−p(mi)

when t = 1. The probability p(mi) is the prior of occupancy of the cell i
of the map. A typical and simple approach is to model the posterior not
as a fixed functional form but by a finite number of values which roughly
approximate the posterior [5]. For the cells at distances between 0 and the
neighbourhood of the measurement the occupancy probability has a low
value, in the neighbourhood it has a high value and 0.5 beyond.

Making use of (5) the log-odds occupancy representation can be eas-
ily computed for each cell that falls into the coverage cone of the sonar
measurements. So, finally, the desired occupancy probability of the cells
can be recovered through:

p(mi|z1:t ,x1:t) = 1− 1

1+ elti
. (6)

In the implementation, and in order to make it more robust to specular
reflections, it was given less weight to larger measurements. So in (5), the
term log p(mi|zt ,xt )

1−p(mi|zt ,xt )
comes multiplied by a variable, restricted between 0

and 1, that is inversely proportional to the sonar measurement zt . The final
map is obtain after submitting each cell to a threshold. If the probability of
occupancy is inferior to the threshold, the cell is considered unoccupied,
being considered occupied otherwise.

3 OccGrid Maps with Forward Sensor Models and 1D
Clustering

Static world assumption is also made in this approach but, in order to
address the listed sonar problems, it does not make a map decomposition,
dealing with mapping problem in its complete state space. Additionally it
uses forward sensor models, being able to make use more complex sensor
models. The forward mapping approach is modelled as a likelihood

p(z1:T |M,x1:T ). (7)

This is a generative model, being formulated as the phenomenon happens;
given the world (represented by the map M) and a given set of poses, a
particular set of sonar reading is generated. The goal is to maximize (7),
iteratively adjusting M till no better model is found. This problem can
then be formulated as a maximum likelihood estimation problem.

Rather then assuming that all measurements are caused by an ob-
stacle, three possible cases of beam reflection are considered, maximum
reading, random and non-random. A non-random measurement is caused
by an obstacle in the sonar beam. A maximum value reading happens
with the failure in detecting all the obstacles, when present, and returning
the maximum range value, zmax. The random case models the remaining
causes. Since in practice the true cause of the sonar reading is not known,
a classifier has to be used to identify it.

For the measurement with index t, consider Kt to be the number of
obstacles present in the sonar cone, dt,k the distance from the k’th obstacle
in the cone and Dt the set of obstacle distances in ascending order. The
model (7) is defined as the combination of the models of each possible
cause. Consider the binary variables ct,∗, ct,k, ct,0, restricted to:

ct,∗+
Kt

∑
k=0

ct,k = 1. (8)

These variables are equal to 1 when the measurement is random, caused
by obstacle k or equal to the maximum range, respectively. The random
case is modeled as a uniform distribution in the entire sonar range, since
the reading could have been caused in any part of the sonar cone. When
the beam is reflected by an obstacle, it is considered that it is affected by
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(a) (b) (c) (d)

Figure 1: Experimental Results: (a) ground truth map obtained with GMapping and a Sick laser rangefinder; (b) measurements taken; (c) OccGrid
map using inverse sensor model; (d) OccGrid map using forward sensor model.

additive white gaussian noise. In the case where zt = zmax, since it is a
discrete event, a Dirac delta function is considered.

p(zt |M,xt ,ct,∗ = 1) =

{
1

zmax
if 0≤ zt < zmax,

0 otherwise.
(9)

p
(
zt |M,xt ,ct,k = 1

)
=

 1√
2πσ 2 e−

(zt−dt,k )
2

2σ2 if 0≤ zt < zmax,

0 otherwise.
(10)

p
(
zt |M,xt ,ct,0 = 1

)
= δ (zt − zmax) (11)

In a single expression it can be written as

p(zt |M,xt ,ct) = p(zt |M,xt ,ct,∗ = 1)ct,∗
Kt

∏
k=0

p
(
zt |M,xt ,ct,k = 1

)ct,k (12)

Since there is no prior knowledge of the measurement’s cause we define
the posterior probability

p(ct |M,xt) = p(ct,∗ = 1|M,xt)
ct,∗

Kt

∏
k=0

p
(
ct,k = 1|M,xt

)ct,k (13)

p(ct |M,xt) =


prand if ct,∗ = 1,
pmax if ct,0 = 1,Kt ≥ 1.

(1− prand − pmax)∏
k−1
i=1

[(
1− p(i)hit

)]
p(k)hit if ct,k = 1,k ≥ 1.

(14)
where prand is the prior probability of a measurement being random, pmax

is the prior probability of a measurement being maximum and p(i)hit is the
prior of the obstacle i to reflect the sonar beam. The phit probability is
function of the obstacle’s width coverage in the sonar cone, varying lin-
early between a minimum and a maximum value and being equal to the
maximum value when the obstacle covers 100% of the cone width. There-
fore, an obstacle might be formed by one or more occupied cells, forming
a cluster. Cells are clustered having as criterium its distance to the sonar
cone origin. A cluster is initially formed by a single cell in which further
cells are added if the difference between its distance, dt,k, and the cluster
center of mass is smaller then a given threshold. When a cell does not
meet this criterium, a new cluster is created with it.

Summarizing, we have p(zt |M,xt ,ct) and p(ct |M,xt) but we want
p(zt |M,xt). However, we can write

p(zt ,ct |M,xt) = p(zt |M,xt ,ct) p(ct |M,xt) , (15)

which regarding all sensor data and using the logarithm becomes

log p(z1:T ,c1:T |M,x1:T ) =
T

∑
t

log p(zt ,ct |M,xt) . (16)

Given the unobservability of ct , we now compute the expected value of
(16) in order of ct , arriving to the expected log-likelihood to maximize:

E [log p(z1:T ,c1:T |M,x1:T ) |z1:T ,M] = E

{
T

∑
t

log p(zt ,ct |M,xt) |z1:T ,M

}
. (17)

In the computation of this likelihood (12) and (13) are used. Being ct a
Bernoulli random variable, its expected value equals its probability, (14).

Not considering the maximum reading event as a particular case of
the non-random case and defining p(zt |M,xt ,ct,0 = 1) as a Delta dirac
function makes those readings have no influence in the likelihood and
in the process of maximization, contrary to what happens in the original

formulation. Making phit function of the coverage and the introduction of
clustering allows the representation of the angular uncertainty, which is a
process not clear in [4].

To maximize (17), a variation of Dempster’s Expectation-Maximization
algorithm is used, where ct is a vector of hidden variables [1]. No terms
are discarded in (17), since any change in M might produce significant
value variations in those terms. To find the map M that maximizes the
likelihood, the occupancy of the cells that fall into the measurements cone
is flipped and maintained if its new value increases the likelihood value.
Given the discretization made, this results in a very greedy algorithm, in
which the final result highly depends on the cell flipping order. Since it
gave empirically good results, in this implementation we chose to first flip
the cells closest to the measurement and progressively moving away. The
Dirac delta function in (11) is implemented as a gaussian distribution with
a very low variance.

4 Results
The robot used was the Pioneer P3-AT, equipped with SensComp 600
Series sonar sensors and a Sick LMS200 laser rangefinder. A ground truth
map was built using the laser and the GMapping algorithm [3], Figure
1(a). Since it is assumed that the robot’s pose is known, the GMapping’s
pose estimative was assumed as the true pose.

To build the maps two sonars were used, placed orthogonally to the
robot’s movement and one on each side. The measurements were taken
with the robot moving approximately at 0.6m/s and measurements being
taken with a 4Hz frequency on a single lap to the corridor.

Both approaches present an overall good representation of the envi-
ronment. The forward method presents less artifact obstacles while fails
to represent some obstacles in the corridor atrium, moreover it is prone to
local maxima and is very computationally intensive.

5 Conclusion
This paper presented a comparison between OccGrid mapping using in-
verse and forward sensor models. The preliminary results showed that
the latter solves some problems that affect the inverse but having as draw-
back the computational effort. Future work consists in presenting a more
quantitative and systematic comparison and in studying better approaches
using forward sensor models, to improve computational efficiency and to
deal with outliers.
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Abstract

Eye tracking systems are currently becoming more and more useful and
practical in several areas, especially in Neuroscience, to assist in the de-
tection and evaluation of cognitive disorders. This work proposes an au-
tonomous method for evaluating situations of visual contact between two
users in a frontal conversation. This evaluation is based on the gaze direc-
tion of both users, under free head movements, using a pair of calibrated
cameras. The proposed stereo configuration is calibrated using images of
planar mirror reflections. The experimental results showed that this sys-
tem is able to detect up to 87% of real visual contact situations, using a
gaze estimator with a mean absolute error of approximately 1.8◦ in the
horizontal direction and 2.2◦ in the vertical direction.

1 Introduction

Most of the gaze tracking systems are based on Pupil Center Corneal Re-
flection (PCCR) methods. These products are quite accurate however the
problem is that all of them require expensive hardware or artificial en-
vironments, becoming intrusive and uncomfortable to the user. Alterna-
tively, many methods have been proposed to estimate eye gaze directly
from the iris or pupil contours using ellipse fitting approaches. Some of
those methods either only allow small head movements or are based in
the distance from the iris center to a reference point (e.g. the eye cor-
ners), sometimes requiring a fixed face orientation or limiting the head
movements to avoid face features occlusion. There are some appearance
based approaches that showed very accurate results on gaze estimation,
like [3]. However, they all propose an exhaustive training method (e.g. in
[3] a training method of 33 samples and a video clip is proposed).

The methodology that is presented in this work is similar to the one
proposed by Takahiro Ishikawa et al. [4]. The same 3D geometric eye
model is adopted. However, the face features tracker used in this work is
the same as the one developed by Martins and Batista in [5]. This work
consists on creating an autonomous system that is able to evaluate if there
is visual contact between two users in a frontal conversation, with no head
movement limitations. Something like this requires an head tracker, an
iris tracker, an head pose estimator, a gaze estimator and a special type of
stereo calibration. In the end, a wide rectangle around the eyes of each
user will be assumed as being the region of interest (ROI), in which the
gaze of the opposite user will be intersected in order to find out whether
there is visual contact or not.

2 Head and Eye Tracking

In order to accurately extract the eyes region, a model-based approach
to detect 58 facial features is implemented. From the eye images, the
irises centers will be estimated and with that it is then possible to estimate
the gaze orientation. Allowing the user to freely move the head will add
6DOF to the problem, which must be considered to compute the gaze
direction.

2.1 Active Appearance Model

An active appearance model (AAM) is a statistical based template match-
ing method (used, in this case, to model faces) that operates on paramet-
ric models of shape and texture, where the variability of the models is
captured from a representative training set that is built during an offline
phase. More specifically, the AAM addressed here is a combination of
two independent models: one to model shape and another one to model
appearance (see [5] for a better understanding about these two models and
about the AAM fitting process into an arbitrary image I(x)).

2.2 Head Pose Estimation

The POSIT algorithm [2] is a fast and accurate iterative method to find
the 6DOF pose of a 3D model with respect to a camera. The method that
was used in this work is proposed by Martins and Batista in [5]. With the
one-to-one point correspondences between the AAM (2D points) and an
anthropometric model of the head (3D points), the POSIT algorithm can
be easily applied. The orientation of the estimated pose is represented in
RPY (Roll, Pitch and Yaw) angles and the translation (with respect to the
camera’s center) is given by T = [Tx Ty Tz]

T .

2.3 Eye Tracking

The gaze estimation is based on two points (for each eye). They are: the
center of the eyeball (that will be explained further on) and the center
of the iris. In order to detect circular contours, the Daugman’s integro-
differential operator [1] was used, because it works with raw derivative
information, with no need of threshold values. The iris contour is defined
by its radius r and center (x0,y0). These parameters can be determined by
using the integro-differential operator

max
(r,x0,y0)

∣∣∣∣Gσ (r)∗
∂

∂ r

∮
r,x0,y0

I(x,y)
2πr

ds
∣∣∣∣ (1)

where I(x,y) is the eye image, Gσ (r) is a Gaussian smoothing function
and s is the contour of the circle given by r, x0 , y0. This operator finds
all circles in I(x,y), computing the sum of pixel values within each circle.
Then the values of adjacent circles are compared and the returned contour
is the circle with the maximum difference from its adjacent circles.

3 Gaze Estimation

In order to estimate the 3D eye gaze with just a single camera, it is neces-
sary to define a 3D structure for the eyeball. The eye model that is adopted
in this work is the same as in [4], and it is illustrated in fig. 1(a). From this

(a) (b)

Figure 1: 1(a) Geometric model of the eye. 1(b) Conversation space with
both cameras in the middle.

model is important to extract the anatomical constants: R is the radius of
the eyeball; (Tx,Ty) is the offset between the mid-point of the eye corners
and the eyeball center; and L is the depth of the center o relatively to the
plane containing the eye corners. These constants change from person to
person, and therefore an unique offline calibration is required. It is a 3-
point calibration where the user’s head is completely frontal (RPY = 0◦).
The offset (Tx,Ty) is computed when the user is looking at the center of
the camera, assuming that the image projection of o (n on fig. 1(a)) co-
incides with the iris center p. Using two other known points, the eyeball
radius is estimated according to the method described in [6]. The depth
L is related with R by a fixed value. Having these constants defined for
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every user, the gaze direction can then be estimated by

(
sinθx
sinθy

)
=

 px−ox√
R2−(py−oy)2

py−oy√
R2−(px−ox)2

 . (2)

The angles θx and θy represent the gaze orientation of the eye on the X-
axis and Y-axis, respectively. The center of the eyeball o = (ox,oy)

T is
where the head pose compensation will be applied. It is computed by
applying two corrections on the mid-point m = (mx,my)

T

(
ox
oy

)
=

(
mx
my

)
+S
(

Tx cosφx
Ty cosφy

)
+SL

(
sinφx
sinφy

)
. (3)

In equation (3), (φx,φy) is the head pose. The eyeball centre estimation
requires the use of the scale factor S, because for each frame the scale
of the face changes, and the anatomical constants were only calculated
for an unique S. This scale is computed using the foreshorten-corrected
distance between the eye corners [4].

4 Visual Contact Evaluation

In the final phase, the goal is to know whether one person is looking or
not to the other person’s eyes. To achieve this it is necessary to set up a
specific stereo camera configuration.

4.1 Stereo Calibration

Two cameras were attached, side by side, to a framework and brought into
the middle of the conversation space (like fig. 1(b) illustrates). Notice
that both cameras are only aware of the position (or even existence) of
the person that lies inside their FOV. The drawback of this configuration
is that the cameras don’t have a common FOV, what makes it impossible
to calibrate them with the usual methods. A different calibration method,
that can be used here, is proposed in [7]. Having N number of images
(N ≥ 3) of the pattern reflected in the mirror, it is possible to estimate
the camera pose with respect to the pattern position. Basically, one of
the cameras will be calibrated using this method while the other camera
has the calibrating pattern inside its FOV (this camera is calibrated by
using Jean-Yves Bouguet’s toolbox). After performing both individual
calibrations for each camera, there will be two different transformations
that relate both cameras to the same pattern. The relation between the two
cameras will then be given by

Cam0TCam1 =
Cam0 Tpattern · patternTCam1 . (4)

4.2 Visual Contact Classification

To know whether there’s visual contact or not, the eye gaze of one user
will be intersected with the eyes region of the opposite one. This region of
interest (ROI) is defined by the head pose and two specific eyelid points
which 3D position is extracted in every frame. This ROI can be projected
from one camera coordinate system to the other camera coordinate system
by using the transformation that was obtained in eq. (4). At this point,
both cameras are aware of the gaze direction of one user and the eyes
regions of the other user. The visual contact classification is now just a
geometric problem where the gaze line (for both eyes) is intersected with
the eyes region. If the point of focus of the gaze lines, when intersected
with the eyes plane, lies inside the eyes region of the opposite user, then
there is visual contact.

5 Experimental Results

After creating the offline shape model, the AAM will accurately track the
user’s face. The Daugman’s algorithm reported very good results even
under bad lighting conditions and with large iris occlusions, like fig. 2
illustrates. To test the gaze direction error, a white board with black points

Figure 2: Daugman’s algorithm applied on the eye images.

was placed behind the camera and the user was asked to sit more than 1
meters away from it and look at the points sequentially. Two experimental
results, in different conditions, are shown in figures 3(a) and 3(b).

(a) (b)

(c)

Figure 3: Testing the gaze estimator: (a) without extreme head poses
under good conditions; (b) with regular head movement. (c) The red line
is the maximum error of the set, in both directions.

Finally, in a conversation process, one of the users was asked to look
at a specific point in the opposite user’s head (in the middle of the eyes).
The graphs from fig. 3(c) show the comparison between the position of
the real point and the measured point of focus.

To deduce the mean error on the gaze estimation, an absolute mean
error was computed for every point of fig. 3(b) (the worst scenario), and
then a weighted average of those absolute mean errors was calculated,
resulting on the final absolute mean error of the gaze estimator.

6 Conclusion

With the experimental results it is possible to say that the proposed method
has an absolute mean error on the gaze estimation of approximately 1.8◦

on the horizontal direction and 2.22◦ on the vertical direction. The gaze
errors that were noticed in the experimental results were never higher than
4.7◦. On the process of conversation, the system will be affected not only
by the gaze direction errors but also by the stereo calibration errors. The
final visual contact evaluator proved accuracy during a regular conversa-
tion, detecting up to 85% of real situations where there is visual contact.

It is then appropriate to admit that with some improvements in the
head pose estimation (using a non-rigid head model) and in the anatomi-
cal constants calibration, it is possible to obtain an higher detection rate,
making this system suitable mainly for medical applications such as at-
tention and cognitive disorders auxiliary evaluation.

References

[1] John Daugman. How iris recognition works. IEEE Transactions on
Circuits and Systems for Video Technology, 14:21–30, 2002.

[2] D. DeMenthon and L. Davis. Model-based object pose in 25 lines of
code. International Journal of Computer Vision, 15:123–141, 1995.

[3] Yusuke Sugano Feng Lu, Takahiro Okabe and Yoichi Sato. A head
pose-free approach for appearance-based gaze estimation. In Proc.
BMVC, pages 126.1–126.11, 2011.

[4] T. Ishikawa, S. Baker, I. Matthews, and T. Kanade. Passive driver
gaze tracking with active appearance models. In Proceedings of 11th
World Congress on Intelligent Transportation Systems, Oct. 2004.

[5] Pedro Martins and Jorge Batista. Accurate single view model-based
head pose estimation. In FG, pages 1–6. IEEE, 2008.

[6] E. Perkins, B. Hammond, and A. Milliken. Simple method of deter-
mining the axial length of the eye. Br. J. Ophthal., 60:266–70, 1976.

[7] R. Rodrigues, J. Barreto, and U. Nunes. Camera pose estimation us-
ing images of planar mirror reflections. In ECCV’10: Part IV, 2010.

2

136



Hand Pose Estimation using a Top-Down Bottom-Up based Approach

Davide Periquito
davide.periquito@gmail.com

Jacinto C. Nascimento
jan@isr.ist.utl.pt

Alexandre Bernardino
alex@isr.ist.utl.pt

João Sequeira
jseq@isr.ist.utl.pt

Instituto de Sistemas e Robótica
Instituto Superior Técnico
Lisboa, Portugal

Abstract

Most existing systems require a manual/supervised initialization in or-
der to perform hand tracking in a video sequence. Furthermore, fully
automatic initialization is a very challenging problem due to the diffi-
culty in identifying landmarks on individual fingers and reconstructing
the hand pose from their positions. In this paper, we propose an appear-
ance based approach relying on matching hand silhouettes to a previously
trained database. A dense sampling of the hand appearance space is ob-
tained through a simulation environment and the corresponding silhou-
ettes stored in a database. The acquired silhouettes are efficiently retrieved
on-line from the database using a framework that combines a bottom-
up and top-down processes. We testify the performance of the proposed
approach in a series of simulations, evaluating both the influence of the
bottom-up and top-down processes with respect to estimation error and
computational cost.

1 Introduction

Human Computer Interaction (HCI) has received considerable attention in
the Computer vision community. However, to become practical, several
issues must be accomplished, among which: self-start; robust tracking
throughout the sequences; robustness against drift and occlusions; com-
putational efficiency; and avoid background subtraction. In this paper, we
will focus on the first issue, i.e. automatic start/restart of the tracker, being
one of the most challenging problems in HCI.

In this paper we present a method to address this problem by using
an algorithm based on a bottom-up and a top-down processes. A very
quick bottom-up approach filters out the pose candidates set, so that the
more computational intensive top-down process only has to evaluate a re-
duced set of good candidates. The algorithm initially builds a training set
with known postures. In run time the observed image is matched against
the trained set of hypotheses using two matching metrics with different
computational costs and precisions: first, with the geometric moments
(bottom-up) to perform a quick filtering of the training set, and then with
the Hammoude metric (top-down) to achieve a more reliable posture hy-
pothesis.

2 Algorithm

This section describes the main steps of the proposed framework which
includes: (i) generation of the training images, (ii) segmentation and lo-
calization, and (iii) pose estimation.

2.1 Training stage

The hand pose hypotheses are generated using the OpenRAVE. More
specifically, we place a virtual camera on the simulated model pointing at
the 3D hand model. By moving the camera around at a constant distance
to the hand we create a virtual sphere path. To represent the orientation of
the camera we use a quaternion representation. Uniform samples on the
orientation sphere are generated by drawing quaternions from a Gaussian
distribution. For each sample a difference of 5◦ (degrees) is guaranteed
in the generation process. The camera rotation matrix is given as in [5].
These steps are resumed in the next [1-2] items.

1. Computation of the quaternions to generate the training hand pose
hypotheses images. A total of 23900 images are used,

2. Hand pose hypotheses are then generated in the OpenRAVE simu-
lator [2] with an existing humanoid 3D model. A total of 23500 im-
ages are used for training and 400 used as poses to test the frame-
work,

3. The images are segmented (i.e. the silhouettes or contours are ob-
tained) and corrected in perspective to simulate frontal views,

4. The geometric moments of the contours are computed,

5. The silhouettes are stored in a database, together with both the
binary masks and the geometric moments. Also the ground truth
poses (i.e. quaternions) are stored.

The above items [1-5], are accomplished off-line. The following step
is the on-line test stage. Here, we perform the matching between the
acquired hand silhouette and the pre-trained database of canonical pose
hypotheses. Still on the fly, each acquired image silhouette is also pre-
processed as in the training stage comprising color segmentation, per-
spective correction and binarization. A total of 400 images are used for
testing. First, the geometric moments (bottom-up) of the newly acquired
mask are used to rank the training set in descending order of match qual-
ity. We filter the top 1000 hypotheses candidates that are the output of the
bottom-up step of the framework. Finally the top-down procedure which
allows a more precise match using the Hammoude metric [4] also known
as the Jaccard distance [3]. The top-down is applied over the top ranked
candidates in order to provide for a final decision.

2.2 Segmentation and localization

For hand segmentation, we follow a simple approach. We use the HSV
color space that allows better luminosity invariance. Then, a Histogram
Backprojection algorithm is used [6] for segmenting the hand. This re-
sults in a histogram of the likelihood of each pixel voting to the hand
localization. After the filtering process the result is a segmented hand.
Some noise may be present in the segmentation. Thus, we make some
image processing, by filling the holes inside the hand and removing bor-
der objects. In this way, we are able to obtain a clean binary image with a
segmented hand. This method is identical for the training set images and
for the test images from which we want to determine the hand position.

For better matching, the hand centroid (x0,y0) is placed in the center
of the image, though for this procedure the hand has to be rotated accord-
ing to the displacement made before. So, the Homography equations for
projecting and rotating points in an equivalent pan-tilt camera are, accord-
ing to [1]:

x1 =
ctsp + cpx0− stsp.y0

ctsp− spx0− stcpy0
, y1 =

st + cty0

ctsp− spx0− stcpy0
(1)

where cp,sp,ct ,st stand for cos(p),sin(p),cos(t),sin(t), respectively, (x1,y1)
represent the pixels after the rotation, p and t are the equivalent pan-tilt
camera angles, meaning that the previous (x0,y0) are now centered in the
camera. To compute the pan and tilt (p, t) angles the translation of the
image must be known, so:

p = arctan(x1), t = arctan(y1cp) (2)

ending with a segmented hand centered with the camera and projected
according to the movement made. These changes of perspective introduce
error in the appraisal though it is still acceptable.

Since we are working in a 2D image plane the Z coordinate is used
for area normalization for the future matching metrics. 137



2.3 Pose estimation, Bottom-up (Geometric moments) and
Top-down (Hammoude/Jaccard distance)

The two main ingredients of the pose estimation step are the bottom-up
and top-down processes. The first comprises the computation of the ge-
ometric moments for the training set. The second consists on the com-
putation of Hammoude metric that provides high accuracy in the pose
estimation.

The bottom-up process is characterized by the use of the geometric
moments to obtain the posture and shape of the hand, that are invariant
to position and scale. This is achieved by the following two steps: (i)
centering both of the geometric moment and the hand; (ii) centering the
hand area normalization

upq =
∑x ∑y(x− x0)

p(y− y0)
qI(x,y)

M
1+ p+q

2
00

(3)

where upq is the moment of order p+q, M00 is the hand area and I(x,y) is
the image pixel. From our experiments, we concluded that it is essential
to keep the moments of order higher than 4th, since the higher the order
the more discriminative characteristics we get. In contrast, lower orders
describe the hand position and area, which we want to be invariant.

To obtain the matching distance between trained and observed im-
ages, a Mahalanobis based distance is used

d = ∑
p,q

(ñpq−ni
pq)

2

var(npq)
(4)

where ñpq is the moment calculated in an observed image, ni
pq is the mo-

ment trained in the train set hypotheses and var(npq) is the variance of the
moment in the training set. By minimizing the function we have the most
likely hypothesis.

For the top-down we use the so-called Hammoude metric [3, 4], that
allows the matching between the observed silhouettes and the one in the
database and it is defined by

dHMD(y1,y2) =
#((Ry1 ∪Ry2)− (Ry1 ∩Ry2))

#(Ry1 ∪Ry2)
(5)

where Ry1 represents the image region delimited by the contour y1 (simi-
larly for Ry2 ), and ] denotes the number of pixels within the region by the
expression in parenthesis. This is further converted in to a likelihood of
each hypothesis by defining the probability p(y1|y2) = 1−dHMD(y1,y2).

3 Experimental results

In the experimental evaluation, we first study how to select the proper
number of the geometric moments candidates to be used in the bottom-
up. The experiment comprises the images generation as described in Sec-
tion 2.1. To achieve the previously specified goal, we vary the number
of output images in the bottom-up procedure. The geometric moments
are varied in the interval range R= [10,100,1000,10000,23500], and for
each candidates number in the range R, we perform the hand pose es-
timation by using the top-down approach. The error metric used, is the
orientation error defined as

ε = 2arccos(p ·q) (6)

where p · q stands for the inner product between the quaternions of the
two images. The error in eq. (6) is computed between the observed (test)
image and the top rank hypothesis (in the training set). Finally, the aver-
age of the orientation error εAV is taken to assess the overall performance
over the test set.

Table 1 estabilish a relation between the average of the orientation
error εAV (in degrees) and the time consumed to assess the pose. We see
a soft spot when using 1000 candidate moments, where the orientation
error and the time spent are minimized. For online applications the time
spent is of crucial importance, so in order to achieve such performance
the geometric moments are a useful tool to efficiently reduce the training
set.

Fig. 1 shows the accumulative rank when combining the bottom-
up and top-down procedures. It can be seen that an accuracy of 90% is
quickly reached using only 10 hypotheses candidates.

Table 1: Mean and standard deviation (in parenthesis) of the orientation
error εAV (in degrees) and time spent ((s)-seconds, (ms)-milliseconds) for
the hand pose estimation. The experiment is repeated for the top candi-
dates moments defined in the range R.

# Cand. Mom Time εAV(
◦)

10 4.21 (s) (0.06 (ms)) 7.34 (15.4)
100 5.99 (s) (0.98 (ms)) 5.86 (3.06)
1000 11.90 (s) (2.74 (ms)) 5.77 (3.00)

10000 69.07 (s) (5.33 (ms)) 5.77 (3.00)
23500 122 (s) (8.11 (ms)) 6.06 (3.50)
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Figure 1: Accumulative rank using top 1000 candidate hypotheses.

Figure 2: Three snapshots of the sequence (top) poses recovered by the algorithm
(bottom).

We tested our framework in real settings using a sequence of 50
frames. Fig. 2 shows some snapshots of the sequence as well as the
recovered poses. It is concluded that a robustness regarding the pose is
obtained (bottom row of the Fig. 2).

4 Conclusions

In this paper we proposed a 3D hand posture estimation framework. The
architecture combines a bottom-up and top-down approaches, providing
an efficient tool for hand orientation detection. The algorithm presented
is twofold. First, the bottom-up allows for an efficient reduction over the
training set, having a significant impact on computational time. Second,
the use of the top-down provides an improvement estimation accuracy.
Fusing these two processes, we can achieve a fast and accurate hand pose
estimation in real environments.
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Abstract 
This paper describes a computer aided diagnosis system for the classification of 
cutaneous melanocytic lesions. Although the great majority of these lesions are 
benign, a small rate is melanoma, an aggressive form of skin cancer and the 
leading cause of death from skin disease. 

Based on the characteristics highlighted by the ABCD rule of dermatology, 
the suspicious lesion is described by a set of characteristics that allow their 
classification as melanoma or non-melanoma.  

The first phase of the described work is the automatic segmentation of the 
lesion from dermoscopic images, in order to isolate the pigmented region from 
healthy skin and determination of its border. Subsequently, a set of characteristics 
is extracted from the segmented region. We considered the analysis of the 
asymmetry, border and color regularity and number of colors of the lesion, 
according to the score given by the ABCD rule. Finally, categorization of the 
images is achieved by using Support Vector Machine classifier through RBF 
kernel. The results are quite promising, although the dataset used is limited in 
terms of diversity of cutaneous melanocytic lesions especially in color 
characteristic.  

1 Introduction 
Most of the cutaneous melanocytic lesions are benign; however, some of 
them are melanomas, the most dangerous form of skin cancer. The 
worldwide incidence and mortality rates of melanoma are continuously 
increasing.  
 Dermoscopy is a non-invasive diagnostic technique for the in vivo 
observation of pigmented skin lesions (PSLs), allowing a better 
visualization of surface and subsurface structures. This diagnostic tool 
permits the visualization of morphological structures of the epidermis 
and the dermo-epidermal [1]. Several studies have shown that this 
method may improve diagnostic sensitivity by 20–30% compared with 
clinical diagnosis through the naked eye [2]. Because advanced skin 
cancers remain incurable, early detection and surgical excision is 
currently the only approach to reduce mortality, thus, the development 
of computer aided diagnosis systems for early detection of melanoma is 
crucial. 
 The ABCD rule, the three-point checklist, the seven-point checklist, 
and the Menzies’s method are the most relevant dermoscopic criteria 
and diagnostic algorithms proposed and analyzed in recent years by 
many publications for the classification of melanocytic lesions. The 
ABCD rule is a semi-quantitative analysis using the following criteria: 
asymmetric lesion (A), border irregularity (B), color (C) and differential 
structures (D) [3]. Through analysis of these attributes, TDS (Total 
Dermoscopy Score) can be calculated by equation (1): 
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The value of TDS is an indicator that helps specialists in the 
classification of the lesion. In this calculation the score of each feature is 
weighed according to its importance in the classification of the lesion. 

The aim of this work is to transfer the asymmetry and color 
attributes (attributes with more weight), into automatically computed 
quantities, and use these parameters in order to automatically classify 
melanocytic lesions. 

2 Segmentation of Skin Lesions  
Lesion segmentation is an important step leading to the quantification of 
the geometric properties and color characteristics. In this case, 
segmentation is the process that isolates a pigmented skin region in 
dermoscopic images.  

In the pre-processing phase the color images of the database are 
converted to gray images, equalized to enhance the contrast between the 
pigmented region and the skin. In order to remove parasite regions that 
introduce noise in lesion analysis, for example hair or isolated points, 
mathematical morphology is applied (Figure 1).  

  

    

Figure 1: Pre-processing stage. 

In a preliminary phase of the project the segmentation of the lesions 
was made through dynamic thresholding, using Otsu method and 
morphological transformations. This method proved to be effective in 
the great majority of the images of our experimental database, leading to 
their correct segmentation. However, for images where the lesion is 
poorly contrasted from the skin, lesions with smooth boundaries and in 
situations where the lesion consists of two or more separate regions, the 
method fails or does not isolate the entire lesion.  

In a second phase we look for algorithms that increase the rate of 
useful segmented images. The binarization was made using Niblack’s 
algorithm that is a local thresholding method based on the calculus of 
the local mean and local standard deviation, followed by the algorithm 
proposed by Chan & Vese [4]. This algorithm is based on active 
contours and curve evolution using Mumford-Shad functional and level 
sets theory. It is a powerful algorithm that allows the correct 
segmentation of 58 images in a total of 63 images. Comparative results 
obtained with the two segmentation algorithms are shown in Figure 2.  

  

  

  
Figure 2: Segmentation of the skin lesions. (Left): segmentation using 
binarization and morphological transformations. (Right): segmentation 
using Chan & Vese algorithm.  

3  Asymmetry of the Lesion 
The asymmetry of the lesion was evaluated with regard to the border 
and color regularity with respect to two perpendicular axes that intersect 
at the centroid of the lesion. To simplify the analysis of the asymmetry, 
the image is rotated according to the angle of symmetry, calculated from 
geometrical moments, so that its major axis stays parallel to the X axis. 
In accordance with the ABCD rule, the asymmetry of melanocytic 
lesions is categorized with a score from 0 to 2 points. In the case of a 
lesion completely symmetrical a score 0 is assigned, when asymmetric 
in relation to two axes, the score is 2 and when the lesion is asymmetric 
with respect to only one of the axes a score of 1 is assigned (Figure 3). 
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Figure 3: Analysis of lesion symmetry: (Left) symmetrical lesion A=0; 
(Center) asymmetrical in only one axis A=1. (Right) asymmetrical in 
two axis A=2 [5]. 

 To evaluate the border asymmetry a binary mask is created based on 
the rotated image. This mask is divided in four symmetrical parts in 
relation to the X and Y axes (Figure 4 - Left). After the folding of the 
border the relative distances of the border are evaluated through the 
calculus of ratios of asymmetry relative to the X and Y axes: 
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where m00 is the total area of the segmented lesion.  

  

Figure 4: The border asymmetry: (Left) folding of the border along the 
axis X, (Right) sub-regions used for the analysis of the color regularity. 

For the analysis of the color regularity, the image is divided in four 
sub-regions as represented in Figure 4 (Right). For each region a co-
occurrence matrix is computed, and from each matrix, four texture 
descriptors are computed: contrast, energy, homogeneity and correlation 
[6]. The analysis of color regularity in the RGB color space was also 
performed. Each pixel is compared with its symmetrical with respect to 
each axis in each of the three RGB channels, as represented in equation 
(4) and (5) 
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where ���
 %��  represent the centroid, 12  the intensity of the color  
R (k=1), G (k=2) and B (k=3). 

4 Color of the Lesion 
Another feature of melanoma is the non-uniformity of color, while 

benign lesions are usually uniform brown color (Figure 5). The 
developed algorithm aims to quantify the number of reference colors 
proposed by the ABCD rule (black, dark and clear brown, white, blue, 
gray and red) present in the lesion with a minimum of one and 
maximum of six. We considered six RGB codes for each reference color 
to improve the flexibility of the algorithm and computed the distance for 
each channel, between the color of each pixel and the color that we 
intended to find. 

     
Figure 5: On the left a case of non melanoma. On the right a melanoma 
lesion with the presence of the colors: black, blue gray and dark brown. 

Therefore, we developed an algorithm that identifies how many colors 
are present in a lesion calculating the color distance of all pixels in the 
lesion (d) with each of the colors reference, by equation 9. The 
algorithm developed quantifies the number of colors present in the 
lesion with a minimum value of 1 and a maximum of 6. This value is 
then inserted in the ABC rule with a weight of 0.5. 
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In equation (9), Ik(x,y) represents the color (R,G,B) of pixel (x,y) and I’k 
one of the colors reference of melanoma.  

5 Classification 
Our experimental dataset consists of 58 dermoscopic images, 24 

with the presence of melanoma and 34 with non melanoma. All the 
images are classified by a specialist [5]. From the correct segmented 
lesions a set of features based on border and color symmetry and the 
number of colors present in the lesion are extracted, as proposed by the 
ABCD rule of dermoscopy.  

The classification of the cutaneous lesion was performed using the 
state-of-the-art support vector machine (SVM) that belongs to a 
successful class of learning algorithms strictly connected with statistical 
learning theory. SVM is based on structural error minimization 
principle, which is a trade-off between the complexity of the learning 
machine model and its generalization capability. 

The dataset is split into two different groups: the training and test 
set. In the training set a search for optimal parameters (C, σ) of the RBF 
kernel is carried out using a grid search methodology through a k-fold 
cross validation. The optimized SVM model was evaluated in test set by 
the indices of accuracy, sensitivity and specificity.  

6 Results and Discussion 
From the total dataset, 50% was used for training and the remaining 
50% for testing. The ability of the system to correctly classify new 
images is essential. So, in order to increase the classifier generalization, 
a 10-fold cross validation technique was performed in the training set. 
This methodology was repeated 100 times and the final mean accuracy, 
sensitivity and specificity were obtained.  
 The achieved results were an accuracy of 85.6% ± 0.09, a sensitivity 
of 80.6% ± 0.18 and a specificity of 85.4% ± 0.11. Analysing the set of 
extracted characteristics we can conclude that all the images of the 
dataset have the same range of color and a small diversity of colors. The 
maximum number of colors found was four and for example the white 
color was never detected. So we expect that by increasing the number of 
images in the dataset with more color diversity, the system performance 
can be improved, especially its sensitivity.  
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Abstract 

This paper presents a low-cost portable signal acquisition and processing device 

with application to the medical diagnosis of heart diseases through the time and 

frequency analysis of the human heart sound. Human heart diseases leave 

identifiable traces in the heart sound that can be isolated using signal processing 

techniques. A hardware device consisting on a microphone-adapted stethoscope, 

an acquisition and amplification circuit and a dsPIC-based processing unit was 

developed, that can be successfully used for this purpose. An example algorithm, 

focused on heart sound murmurs, that can classify the heart sound in four health 

classes, was implemented. The algorithm considers the patterns observed from a 

database of healthy and non-healthy hearts. This exploratory prototype was tested 

in a group of hospital patients proving to be especially adequate to assist in the 

diagnostic of valvular heart diseases. This type of low-cost and simple-to-use 

device can be of great interest in developing countries, where universal medical 

care is not available, providing a cost-effective, non-specialised identification of 

cases in urgent need of medical attention.  

1 Introduction 

Cardiovascular diseases relate to a class of diseases that involve the 
heart or the blood vessels, merging inter-related heart and vascular 
diseases [1]. Cardiovascular diseases have become one of the major 

health problems in developed and developing countries and remain the 
biggest cause of death worldwide. Causes can be congenital, infections, 
other diseases or a non-healthy life associated for example with the lack 
of healthy eating, lack of exercise, air pollution, excess alcohol and 
smoking. Not everyone has close access to a doctor that can analyze the 
heart sound or the money to afford a medical consultation. For efficient 

screening in developing countries, a single doctor would have to analyse 
an enormous number of heart sounds, what is impossible in practice. 
Therefore, the availability of a simple diagnostic assistance tool, that can 
be operated for instance by a nurse, can be an efficient solution for large 
scale screening, increasing the number of analysed patients and saving 
lives. In this paper we present a cost-effective, easy-to-use handheld 

device that can provide valuable assistance in early heart disease 
diagnostics. The device integrates a common stethoscope and can 
classify the heart sound in four classes: “Heart sounds very good”; 
“Heart sounds good”; “You should visit a doctor” and “You must visit a 
doctor”. “Imperfect acquisition” is also a possible output result. 

2 Heart Diseases and Murmurs 

Cardiovascular diseases in general and heart diseases in particular 
consist on a large set of complex interrelated conditions.  Some 
prominent examples of heart diseases are Coronary Artery Disease, 
Cardiomyopathy, Hypertensive Heart Disease, Inflammatory Heart 
Disease and Valvular Heart Disease[1]. 

During the systolic and the diastolic phases of the cardiac cycle, 

audible sounds are produced due to the opening and closing of the heart 
valves, the flow of blood in the heart and vibration of the heart muscles. 
Heart diseases cause physical changes to the heart and blood vessel 
structure that can potentially be detected in the acquired heart sound. A 
typical phonocardiogram envelop from a healthy heart can be observed 
in Figure 1 where the heart anatomy is also presented.  

Murmurs are the result of abnormal turbulent blood flow which 
produces a series of abnormal vibrations in the cardiac structure and that 

are not present when hearing a healthy heart [2]. Murmurs can be 
classified by their intensity, duration, timing, location, transmission and 
quality. They can also be described by their time-shape. Murmurs are 
especially observable in conditions associated with valvular diseases. 

Figure 1: Heart anatomy and typical healthy phonocardyogram [3]. 

Figure 2 shows typical time-domain shapes for phonocardiograms 
from normal and abnormal heart sounds. The names of the associated 
conditions are also indicated in this figure.  

Figure 2: Phonocardiograms of normal and abnormal heart sounds. 

Murmurs have been widely studied as a source of information for 
heart health diagnosis [4]. To test the developed hardware we focused 

on a simple criterion for a binary decision between existing or not 
existing significant reasons to attend a medical examination. A spectral 
analysis was performed in a set of heart sound signals recorded by the 
American College of Cardiology [5]. Both time-frequency sonograms 
and whole signal FFT were studied. In Figure 3, spectral representations 
for two normal heartbeats, one diastolic murmur and one systolic 

murmur, are shown. A simple conclusion can be drawn from the set of 
analysed heart sounds: when murmurs are present, significantly more 
spectrum energy is generated above the 110/120 Hz frequency region. 
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Figure 3: FFT of heartbeats [0-500Hz] [-120-0dB].                            
Top: normal; bottom left: aortic regurgitation (diastolic);                                    

bottom right: aortic stenosis (systolic). 

3 Acquisition and Processing  

The acquisition and processing device makes use of a conventional 
medical stethoscope where an omnidirectional electret microphone was 
adapted. Given the important low frequency contents of heart sounds a 
good low frequency response was an important criterion. The project 
considered a source signal with nominal peak-to-peak amplitude of 
35 mV and an analysis in the 20Hz to 300 Hz frequency range. 

An illustration of the prototype hardware can be observed in 
Figure 4. A dsPIC33fj64MC802 from Microchip, running at 40 MHz, 

was selected for Analog-to-Digital Converter (ADC) and digital signal 
processing. A 100X gain pre-amplifier (2X Maxim MCP6042) sets the 
12 bits ADC input to the full 0 to 3.3V range. A diode arrangement in 
the amplifier retro-action loop was used to avoid fast saturation of the 
signal, what would generate undesirable harmonics for the frequency 
analysis. No anti-aliasing filter was used, since the bell probe of the 

stethoscope performs itself an effective lowpass filtering for this 
purpose, given a 512 Hz sampling frequency. Furthermore, because 
spectral components around and above 250 Hz have low relative energy 
even for diseased hearts, the remaining aliasing components will not 
impair the spectral analysis to be performed. 

A digital 50Hz and 100 Hz band-stop filter was implemented to 
minimize power line interference. The result of the processing is 

visually presented in a set of four LEDs according to the estimated heart 
health. The module is powered by two NiMh batteries with an optional 
charging solar panel. For long-time heart monitoring, with a peak and 
stand-by consumption of 40 mA and 40 µA respectively, several days of 
non-recharging autonomy can be achieved, with a typical acquisition 
pattern and two 360mAh batteries. 

Figure 4: Prototype - acquisition and processing device. 

The input signal is acquired, offset corrected, normalized and 
band-stop filtered. The ADC is set in Direct Memory Access (DMA) 
mode with two switched buffers: one acquiring, one calculating. A Fast 
Fourier Transform (FFT) is applied on 1s time frames, using a Hamming 
window and for 10s signal samples. Since in this example application 
the goal is to distinguish between normal versus abnormal heart sounds, 

time-frequency analysis does not considers the time behaviour of 
frequency components, and the FFT coefficients are averaged for the ten 
frames before analysis. For the setup test, the presence and intensity of 
murmurs is detected by quantifying the relative signal energy beyond 
the 110/120 Hz frequency region.   

4 Application and Results 

To validate the hardware and algorithm for the intended objective, 
the device was tested in three environments: using a source database 

testing for 8 healthy sounds and 16 disease sounds from [5]; using 12 
healthy sounds acquired in the ISEC Campus; using 12 acquired sounds 
in hospital patients with diagnosed heart diseases. All healthy sounds 
resulted in “Heart sounds very good” while pre-diagnosed diseased 
hearts resulted in “You must visit a doctor”. In hospital patients, some 
acquisitions had to be repeated due to imperfect localization of the 

stethoscope. In Figure 5, four examples from the hospital patients test 
are presented for the “aortic stenosis” condition and where the relative 
high frequency contents can be observed. More extensive testing must 
be performed to tune the decision criteria to match the highest possible 
number of pre-confirmed high confidence medical diagnostics. 

 

Figure 5: FFT of aortic stenosis on real diseased patients [0-250Hz]. 

5 Discussion and Future Work 

In this paper we presented a low-cost, easy-to-operate autonomous 
device that can assist heart diagnosis by identifying patients in need of 
medical attention. This ability can be very valuable in developing 
countries where widespread screening is not possible due to the scarcity 
of medical professionals, technical and economic resources. 

To validate the developed hardware, an example algorithm, best 
suited to identify murmurs associated with valvular diseases, was 

implemented and successfully tested. The tests used a sound database 
and stethoscope acquired signals, both including healthy and 
pre-diagnosed diseased patients. A simple spectral criterion was used, 
which was found adequate for the health conditions that generate 
significant murmurs, as those associated with valvular heart diseases. 

Future work will evolve in two directions. On the one hand, the 
algorithm for the portable device can capture more abnormal heart 
conditions and minimize the possibility of false negatives for the various 

conditions. This can be achieved exploring more frequency domain 
criteria, performing time-frequency analysis and training with a larger 
sound database. On the other hand, the study can evolve, not only to 
detect an abnormal condition, but also to contribute to an advanced 
system to assist detailed heart diagnosis and disease classification. 
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Abstract 
 

This article describes a scientific project related to the Human-Computer 

Interaction (HCI), which was developed with the purpose of helping people with 

special needs, specifically with cerebral palsy. 

The key points of this project are how a person’s body movements and his/her 

voice are detected by a device (in this case the Kinect sensor) and how this is 

translated into actions on the computer. All the applications should facilitate the 

access to learning and entertainment. 

This project is divided into three areas: 

• Help in education 

• Accessibility 

• Training and entertainment 

To develop this project we rely on the help of APCC (a Portuguese acronym for 

Coimbra Cerebral Palsy Association). 

1 Introduction 

This paper describes a research work related with the creation of new 

human-machine interfaces related with accessibility concepts. The work 

was done using motion capture techniques based on the use of vision 

sensors and infrared sensors, both available on one system, called 

Kinect. 

Kinect is a mixture of the Greek "kinesis" (that means moving or move) 

to "connect". The name defines the sensor extremely well because the 

user is connected to a platform which enables him to go through the 

actions of his/her movements and gestures [1]. Kinect was developed by 

Rare (company that is part of Microsoft) and PrimeSense (which 

developed a system that can detect 3D object movements) [1]. In 

developing the Kinect, Microsoft demystified the paradigm of 

controllers to develop a new system of natural user interface that enables 

advanced human control, voice control, motion recognition among other 

things [2]. The Kinect uses multiple resources (image, sound, tilt motor, 

infrared, and depth) with high precision synchronization (in real time) in 

a single device. 

Kinect has a parallel processing algorithm (programmed into the chip 

SoC – this designation is related to all elements of a computer that could 

be put in a integrated circuit), used for obtaining the depth map from the 

structured light received. [3] The images are aligned pixel by pixel so as 

to obtain more precise information of the sensors. 

These innovative features provide plenty of opportunities for interaction 

between services, applications, and users. 

Through the camera, Kinect identifies the user by creating a three-

dimensional image, to accurately identify the movements of the body. 

The depth sensor consists of an infrared laser projector combined with a 

monochrome CMOS sensor that captures 3D video in any ambient 

lighting conditions. The range of the depth sensor is adjustable through 

software, Kinect is able to automatically calibrate the sensor based on 

the user and accommodating the presence of obstacles (furniture ...). 

The software allows Kinect to recognize gestures, faces and voices. 

According to the manufacturers it is able to store information of up to 

six people simultaneously [4]. All this is a highly innovative 

combination of sensors and software that transform the user's body into 

control applications. 

The paper is organized as follows: The next section explains each of the 

applications developed. The third section describes the actual 

development and the options taken. In the fourth section, some 

conclusions are drawn. 

2 Developed applications  

We developed applications in three different approaches. One approach 

was to help in education specifically in the area of mathematics, another 

concerns the computers accessibility, and the third deals with training 

and entertainment. 

  

2.1 Help in education 

 

Figure 1: Application “Vamos fazer Contas” (Let’s do Math) 

 

This application aims to facilitate the learning process of basic math 

operations thinking mainly in children with cerebral palsy having 

difficulty in mobility.  

 

We decided to widen the application interaction possibilities to its full 

extent, so that anyone could use it regardless of their restrictions. The 

user could control the application with his/her left or right hand, left or 

right foot or his/her head not limiting the application use. We also have 

an option to use both hands simultaneously. The size of the buttons and 

click time is configurable to adjust the application to each specific user. 

It also has an automatic mode that allows the result of each operation to 

be automatically verified at every insertion of a new digit in the result. If 

the result is correct a new math operation will be presented. Operations 

(addition, subtraction, multiplication and division) can also be 

configured by a user or a tutor through the specific menu. As can be 

seen in Figure 1 the operations are performed as in elementary school, in 

other words, the result is inserted from right to left. 

The application has an initial calibration to verify the user interaction 

capabilities. If there are difficulties it is possible to change some 

configurations like the range of motion or the size of the buttons. In 

order to familiarize the user with the application, and since it is an 

application focused mostly on children, the calibration is done through 

the use of appealing images, such as animals. This is done by touching 

animal's images that reproduce the sound of the specific animal. 

On top of the window there's a circle which can be red, indicating that 

no user is being detected, or green when the user is being detected. This 

will help to verify that the reason why the application is not responding 

to gestures is the fact that no skeletal is being detected. 

In order to facilitate the interaction of a second person (tutor) a set of 

keyboard shortcuts were created to interact with the application as well 

as interaction via computer mouse. 

The application allows the Kinect sensor to be restarted, if for some 

reason it is needed, without having the need to restart the whole 

application. 

 

2.2 Accessibility 

Computers used by a person with reduced mobility are often a real 

problem, so we decided to develop an application so that the user can 

control the mouse cursor through gestures and using speech recognition. 

The user has three options to perform a click: 

• Only voice - one word for the click and another for double-click; 
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• A gesture and voice - a gesture and through a specific word the 

user can select whether to make the normal click or double-

click; 

• Two specific gestures - one to click and the other to double-

click. 

 

 
Figure 2: Kinect Mouse 

 

In Figure 2 we can see a user controlling the application with the left 

hand, and we can also check some configurable options - range of 

motion (Tamanho do Gesto), tilt angle (Ângulo) of the Kinect and what 

hand (Mão Esquerda / Mão Direita) will control the cursor. 

 

2.3 Training and entertainment 

Interaction with the Kinect is not a very complicated task, but it can 

improve through some training, so the more we use it the better we can 

control it. For this reason we decided to create a game, which is a fun 

way of exercising with Kinect. Other games can be developed for 

exercising the body in a pleasurable way. So, while the children are 

working they are having fun. 

We created a series of colored boxes and through gestures the user can 

throw a ball affected by the gravity to hit the boxes, in the shortest time 

possible, forcing the user to move (Figure 3). 

The game camera can be controlled by one hand and the opposite hand 

is used to throw the ball through one of two distinct gestures: one 

consists in raising the hand above the shoulder and the other consists in 

stretching the hand forward. Throwing the ball can also be controlled by 

the computer mouse. There are three stages in the game each having 

three difficulty levels (easy, normal and hard). The increase of difficulty 

consists in an increase in the number of boxes as well as their weight. 

This game has been developed in XNA because it is an existing 

framework oriented to games, including a physics engine making the 

games more realistic. 

 

 
Figure 3: Training Game 

3 Development and Usability 

In this section we point out some of the problems inherent in 

applications that take advantage of Kinect capabilities and how we solve 

them. 

 

3.1 How to use the application? 

Most of the children that test our applications were in wheelchairs, 

making it difficult to detect the skeleton, creating an obvious need to 

find a solution to circumvent this problem. 

In our implementations, users can choose if the Kinect needs to detect 

and treat twenty points of the skeleton (ten in the upper body and ten in 

the lower portion), or they can choose the seated mode which only 

detects and treats the ten points of the upper skeleton ignoring the ten 

points of the bottom. 

 

3.2 Who’s controlling the application? 

We use a RGB camera in applications to identify if any skeleton is 
detected and, if there are different people, we use different colours for 

each skeleton detected. Only the first one to be detected will control the 
application, ignoring all the others. When the first person leaves the 
detection area, the second person caught becomes the first and thus 
controls the application. 

 

3.3 Improving detection 

We decided to create two modes of gesture tracking of the skeleton in 

the applications developed. 

In the first mode we used a direct tracking in which the value of the 

position of the real world is placed in the position of the cursor. The 

position is recalculated according to the resolution of the window or 

application area where you want to use the Kinect. Despite being more 

fluid this mode is more susceptible to interference from sunlight. 

In the other mode the last thirty second positions of the skeleton are 

saved, and after several tests we decided to treat only the last ten 

positions (corresponding to the last 1/3 second) and making a 

calculation of the weighted average to ascertain whether the movement 

is acceptable or if it is an incorrect reading. If it is acceptable the mean 

value is placed at the coordinates of the cursor. 

 

3.4 Range of user interaction 

• In the applications it is possible to change the size of the gesture. 

This affects the extent of the hand movement required to move the 

cursor from one side to the other of the window, scaling between 

the position of the real world and the window. 

• The recommended distance to interact with the Kinect sensor is 

1.2m (minimum) and 4m (maximum) [5], so we decided to check 

in real time the distance between the user and the Kinect sensor. 

To guaranty a more robust interaction, if the user is not between 

1.2 and 2.5m the application warns the user if he/she is too close 

or too far away from the sensor. 

4 Conclusion 

This project has shown how it is possible to control any type of 
application using a set of gestures, a set of existing words in the 
Windows grammar or both. The same gestures can be used for different 
interactions, alternating the specific function by a word. 

It was also shown that Kinect could be used to improve and facilitate 

the way people with limited mobility can interact with computer 
applications. 
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