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Abstract

The detection of staff lines is the first step of most Optical Music Recog-
nition (OMR) systems. Its great significance derives from the ease with
which we can then proceed with the extraction of musical symbols. All
OMR tasks are usually achieved using binary images by setting thresh-
olds that can be local or global. These techniques however, may remove
relevant information from the music sheet and introduce artifacts which
will degrade results in the later stages of the process. Therefore a need
arises to create a method that reduces the loss of information due to bi-
narization. The baseline for the methodology proposed in this paper fol-
lows the shortest path algorithm proposed in [2]. The concept of strong
staff pixels (SSP’s), which is a set of pixels with a high probability of
belonging to a staff line, is proposed to guide the cost function. SSP over-
comes the results of the binary based detection and can generalize the
binary framework to grayscale music scores. The proposed methodology
achieves good results.

1 Introduction

Over recent years, several researchers have been trying to overcome the
lack of symbolically-represented music. Such representations of music
scores enable operations such as search, retrieval and analysis. The unique
way to do this is through an Optical Music Recognition (OMR) system.
After some image preprocessing an OMR system typically starts with a
module for staff lines detection and removal to obtain an image contain-
ing only the musical symbols, where the recognition of the symbols is
facilitated. Currently, all OMR methods need to convert the image from
grayscale to binary right in the beginning of the process, facilitating the
following tasks by reducing the amount of data they need to process. As
a result of this, a possible loss of valuable information can happen, hence
making unclear the advantages of binarization in the complete OMR pro-
cess. Low paper quality or the gradient effect of the illumination, which
are very common in handwritten music scores, cause unsatisfactory bina-
rization results. The line detection and removal methods in this paper are
tailored for grayscale images of handwritten music scores. The proposed
paradigm uses the image as a graph, where the cost corresponding to each
pixel captures the difference in luminance levels between staff lines, sym-
bols and background present in the images.

2 Background

As already mentioned, the baseline for the methodology proposed in this
paper follows the shortest path algorithm proposed in [2]. The goal is
to have a weight function constructed to favor paths through staff-pixels.
The process starts by computing two important reference values: the staff
line thickness (staffline_height) and the vertical distance between two
staff lines (staffspace_height).

In [1] the authors proposed a method to estimate these values, both
for binary and grayscale images, using the run-length encoding (RLE)
technique. When each column of a binary image is encoded with RLE,
the most frequent sum of two consecutive vertical runs (either black run
followed by white run or the reverse) is selected as the estimation of
staffspace_height+staffline_height. Then, using this information, the 2D
histogram is computed in order to obtain the individual values staffs-
pace_height and staffline_height. This method is extended to grayscale
images by accumulating the runs’ frequency over all the binary images
that would be obtained by varying the global threshold from a low to a
high limit.

After the detection of the reference values, the edges’ weights are
estimated (as discussed later). Afterwards, and during the main cycle, the
algorithm successively finds the shortest paths between the left and right

margins, using the edges’ weights previously estimated, for more details
see [2]. The main idea for the design of the edges’ weights function was
to assign a low cost to the edge between two black pixels and high cost
otherwise, and, at the same time, to distinguish between black pixels in
the staff lines and black pixels in the music symbols, penalizing the latter
and favoring the former. In this manner, the authors incorporated several
factors in the cost function according to some prior knowledge about a
music score. A term benefiting edges of incident black pixels of short
vertical run of black pixels is included. In this case, if a black pixel is part
of a short vertical run of black pixels, then it is more likely to be part of a
staff line rather than of a symbol. A penalizing term is incorporated in the
edges where the nearest vertical run of black pixels on the same column is
excessively far from the vertical run of black pixels containing the current
black pixel. In this case, the authors consider that a staff line is likely
to have another staff line at roughly staffspace_height pixels (assuming
that staves have at least two lines), otherwise the pixels are more likely to
belong to a symbol (probably a ligature) rather than to staff line.

3 Strong Staff Pixels

We start by introducing the concept of strong staff-pixel in binary im-
ages. The integration of this concept in the weight function already has
the potential to improve the performance of the detection methods. Fur-
ther processing can be performed based on the knowledge of the position
of these pixels and the search for the staff lines could be guided through
them. Afterwards, we extend the strong staff-pixel definition for grayscale
images.

3.1 Strong Staff-Pixels

Intuitively, a strong staff-pixel is a pixel with a high probability of be-
longing to a staff line. The decision of accepting/rejecting a pixel as a
strong staff-pixel is not made independently for each pixel but builds on
the run length encoding as previously mentioned. All pixels in the same
run will either be considered as staff pixels or not staff pixels. The deci-
sion approach consists of scanning the run-length encoding of each col-
umn of the binary image of the music sheet in order to find black runs
of staffline_height pixels followed or preceded by a white run of staffs-
pace_height pixels. See Fig. 1 for an example. The pixels in the black
runs that meet this condition form the set of Strong Staff-pixels (SSP).

In the grayscale domain, instead of computing the previously ex-
plained method for just only one binary image obtained by a state-of-
the-art binarization technique, the scanning RLE is performed for every
possible binary image by varying the threshold from a low to a high limit.
In this manner, the final set of SSP will be formed by accumulating sets
of black runs with a height equal to staffline_height that are followed or
preceded by a white run of staffspace_height pixels.

3.2 Improved Weight Function in the Binary Domain

The initial version of the weight function was presented in [2]. Here we
propose the use of the concept of SSP to penalize or to favour the current
pixel. Hence, if the current pixel belongs to the set of SSP (SSP = 1)
then a benefit term is incorporated to the weight. Otherwise, the black
pixels (pixelValue = 0) that do not belong to this group (SSP = 0) and
belong to a vertical run of black pixels higher than the staffspace_height
are penalized.

4 Grayscale Staff Line Detection

For binary staffs, it was sufficient to assign a low cost for incident black
pixels and a high cost for the white pixels. Now, instead of only two



(a) Staff lines on a toy example. (b) The pixels with high probability of be-
longing to staff lines are represented with
red color.

Figure 1: An illustrative example of the strong staff-pixel algorithm. The
staffspace_height is 3 and staffline_height is 2.

values ({0,1}, background and foreground) we have a range of values
in [0,1]. Therefore, the weight function must be generalized to this new
domain.

Our proposed weight function is based on a sigmoid function where
the parameters are chosen to favor the luminance levels of staff – see
Eq. 1. The rationale is to extend the penalization of pixels in the binary
procedure that can be seen as a step function (pixels binarized to white are
assigned a high cost; pixels binarized to black are assigned a low cost).
With this in mind, the sigmoid function selected for 4-neighbourhoods
was the following:

w(p) = b/(1+ exp(−(p−α)/β ))+a (1)

where p is the minimum of the values of the two pixels incident with the
edge. In the case of 8-neighbourhoods the weight is

√
2 times that value.

The a and b are normalization factors for the values range of our cost
function and they were both set to 4; α was set as the threshold value
from the BLIST binarization [3].

The β parameter is inversely related to the slope of the sigmoid at the
center of symmetry α . Since different scores can have different dispersion
of values within the staff lines, one chose to set the β proportional to
the standard deviation, staffvalue_std, of the gray intensity levels of the
SSP’s. Experimentally β was set to 0.8×staffvalue_std. The pseudo-code
for the weight function is provided in Listing 1.

WeightFunction(pixelValue1, pixelValue2, a, b, alpha, beta,

vRun1, vRun2, nearestVRun1, nearestVRun2, NeighbourhoodType)

{

value = min(pixelValue1, pixelValue2);

weight = sigmoidFc(value,a,b,alpha,beta,NeighbourhoodType);

if( (vRun1<=STAFFLINEHEIGHT)

OR(vRun2<=STAFFLINEHEIGHT) AND value <= alpha)

weight = weight - delta;

if( (nearestVRun1>=STAFFSPACEHEIGHT+STAFFLINEHEIGHT)

OR(nearestVRun2>=STAFFSPACEHEIGHT+STAFFLINEHEIGHT))

weight = weight + delta;

return weight;

}

Listing 1: Pseudo-code for the weight Function. The sigmoidFC is the
Equation 1. The delta penalizing term in the weight function was set to
1. For efficiency, weights were designed with integer values.

5 Metrics and Results

In this work two different evaluations were carried out: i) the quality of
the pixels that belongs to the set of SSP and ii) the quality of the line
detection algorithm. The evaluation of the quality of the SSP was obtained
by comparing the resulting image with the reference positions of symbols

and staff lines. The evaluation of the performance of the line detection
algorithm was done through the evaluation of the performance of the staff
line detection and removal algorithms. A set of 76 of handwritten music
scores, for which reference staff lines were manually outlined, was used.

5.1 SSP Evaluation

For the first experimental testing the resulting images with only staff line
pixels were compared with images with only true staff lines pixels to
count the number of false pixels detected. This number restricts the qual-
ity of the SSP. The number of missed pixels in this situation is not relevant
provided that we have pixels in real positions of staff lines. The staff lines
ground truth images are composed by the true positions of the staff lines
with breaks on the symbols positions. The symbols ground truth images
composed by music symbols without noise were compared to the resulting
images with only staff-pixels. The aim was to check if the false positives
(pixels wrongly classified as staff lines) detected by the algorithm belong
to noise or to music symbols.

The number of pixels wrongly classified as non-staff lines was 7%
(4% as symbols and 3% as noise) against 93% for pixels classified as
staff lines, which represents a very satisfactory result. Usually, in a music
score, most of the symbols appear on the staff lines and noise could be
anywhere. As the goal is to follow the staff lines as closely as possible it
is better to classify staff-pixels as symbols than as noise.

5.2 Staff Line Detection Evaluation

For the evaluation of the staff line detection algorithm two metrics were
considered: the number of unmatched detected staff lines (false positives)
and the number of unmatched reference staff lines (missed detections).
The metrics were computed by the average Euclidian distance between
each reference staff line and each actually detected staff line, where the
matching problem on the resulting bipartite graph was solved by minimiz-
ing the distance [2]. Both binary and grayscale domains were compared.
The SSP approach for binary images was also compared with the first
weight function proposed in [1]. The binarization of the images was car-
ried out using the BLIST method [3]. The outcome of the algorithms can
be seen in Table 1. When the SSP was used to guide the searching of the
staff lines the results were better. In the case of grayscale images the staff
line detection algorithm obtained better results.

Weight function False detection rate Miss detection rate
BLIST [1] 1.0 (2,0) 1.2 (2.3)
BLIST SSP 0.8 (2.1) 0.9 (2.2)

Grayscale Sigmoid 0.7 (2.2) 0.9 (2.8)
(global staffvalue_std)

Grayscale Sigmoid 0.7 (1.8) 0.8 (2.0)
(Local staffvalue_std)

Table 1: Detection performance in percentage: mean (standard devia-
tion).

6 Conclusion

In this paper, the concept of SSP was introduced in order to guide the
staff line detection algorithm proposed in [2]. The new methodology im-
proves the results of binary based detection and allows generalization of
the framework to the grayscale domain.
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Abstract

The study of cancer cell mobility under the effect of different conditions
is fundamental to validate possible therapies for its regulation. To evalu-
ate cancer cell’s mobility, biologists established in vitro assays, recording
time-lapse brightfield microscopy videos. In such procedure only through
the use of quantitative automatic analysis tools is it possible to gather ev-
idence to firmly support biological findings. However, cell mobility is
still mostly analyzed by visual inspection alone, which is time consuming
and prone to induce subjective bias. This makes automatic cell’s mobility
analysis essential for large scale objective studies.

In order to perform cell mobility analysis, we perform cell tracking
using a Kalman filter. We assume either a random or constant velocity
motion of cells, using as measurements a Laplacian of Gaussians filter to
detect cells. Either cross correlation coefficient or SIFT descriptors were
used for cell characterization.

Preliminary results were promising with a tracking accuracy of 86.8%
considering random motion and SIFT descriptors.

1 Introduction

The automatic analysis of cancer cell’s mobility based on time-lapse mi-
croscopy images has gained relevance due to the increase in data amount
that biology researchers analyze [7]. Usually, for studying cancer cell
mobility, cancer cells are placed on top of uncoated surfaces or on sur-
faces coated with extracellular matrix components and a time lapse video
is collected as interaction with the substrate occurs.

Cell mobility analysis is the study of cell’s positions variation through
time, through automatic image tracking of cells. Cell tracking can be per-
formed by detection-association tracking approaches [1] or by probabilis-
tic state space modeling [6]. Using cell detection-association based track-
ing, cells are first detected in each frame and cell to cell associations are
performed between adjacent frames based on spatial and descriptor simi-
larity. The tracking process fails when a cell is not detected. Considering
motion models there are techniques such as Kalman filters where some
prior knowledge on the nature of cell motion is assumed and applied to
estimate the location of cells prior to detection. Kalman filter was applied
by Huth et al. for the automatic cell tracking in DIC microscopy image
sequences [3]. Li et al. also used this filter to perform online tracking of
migrating and proliferating cells [4].

In our work we propose to perform cell tracking using Kalman filter-
ing comparing the assumption of a random or a constant velocity motion
and using LoG filter based cell detection with cross correlation coefficient
or SIFT descriptors for cell characterization.

2 Methodology

To perform automatic cancer cell’s mobility analysis we use a Kalman fil-
ter. We perform the tracking of each cell independently using the Lapla-
cian of Gaussian filter to detect cells and considering SIFT and cross cor-
relation coefficients for cell characterization. We tested the assumption of
random and constant velocity motion models.

2.1 Cell tracking using a Kalman filter

The Kalman filter performs state estimation of a dynamic system from a
series of incomplete or noisy measurements minimizing the mean of the
squared error and it consists of two alternating operations: first, it predicts

the system’s state and its uncertainty and then combines that prediction
with the noisy measurement in order to correct the initial prediction. The
system and the probability density function at each state follows a Gaus-
sian distribution and the equations for the Kalman filter consist in: time
update or prediction and measurement update or correction:

Prediction : X−
k = AXk−1 +wk−1, (1)

Measurement : Zk = HXk + vk, (2)

where X−
k is the predicted state vector at frame k, A is the dynamics matrix

which relates the state at frame k−1 with the state in the current frame k.
The prediction and measurement Gaussian noise are represented by wk−1
and vk, respectively, and H is the measurement matrix that relates the state
vector to the measurement Zk.

We define both random position and constant velocity motion dynam-
ics. This leads to different dynamics matrices (A1, A2) and also state vari-
ables:

• Random motion: assumes that the next state is defined by the pre-
vious state considering a constant position model;

A1 =

1 0 0
0 1 0
0 0 1

 ,

Xk = [xk,yk,radiusk]
T .

• Constant velocity motion: makes the assumption that the next state
is given by the previous state plus an addition of the cell velocity
in the previous frame:

A2 =


1 0 dt 0 0
0 1 0 dt 0
0 0 1 0 0
0 0 0 1 0
0 0 0 0 1

 ,

Xk = [xk,yk,vxk,vyk,radiusk]
T .

For the task of cell detection we use the LoG filter which is based
on the image scale-space representation to enhance the blob like structure
as introduced by Lindeberg [5]. We set the scale of the filter given the
expected range of the cell radius, and we perform detection of cells by
detecting local maxima of LoG response in the input image (figure 1(a)).
The detected maxima enable us to estimate the position and radius of cells
(figure 1(b)) [2].

Based on the detected cells, we compute, for each one, cell descrip-
tors that together with the predicted state X−

k are used to obtain the mea-
surement Zk. This is performed by finding the most similar cell both in
spatial distance (using X−

k ) and descriptors similarity. The use of cell de-
scriptors enables the characterization of cells across frames. We use pixel
information with cross correlation coefficient (ccc) or SIFT descriptors to
obtain such characterization by matching the cell detection corresponding
to the previous measurement Zk−1 with the detected cells in frame k. The
template size in the cross correlation method and the scale assumed in the
SIFT descriptor are given by the LoG detected radius for each cell.
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Figure 1: LoG based cell detection: a) LoG response; b) Detections overlaid in the Brightfield input image; c) Cell tracking results (in white color is
the manual tracking result).

Table 1: Performance results for cancer cell tracking using Kalman filter
and feature descriptors (cross correlation coefficient (ccc) and SIFT )).
Values are presented in percentage.

Constant position
Similarity Detection Correct Coverage Tracking
measure Accuracy Accuracy

ccc 73.1 63.3 86.9 86.1
SIFT 78.4 63.3 87.7 86.8

Constant velocity
Similarity Detection Correct Coverage Tracking
measure Accuracy Accuracy

ccc 47.7 26.7 65.0 63.6
SIFT 68.8 43.3 81.9 81.0

We use Zk to correct the initial prediction considering the Kalman
gain (K), obtaining the final state vector Xk according to:

Xk = X−
k +K(Zk −HX−

k ). (3)

The state vector Xk of each cell in each frame allow us to obtain the
track of each cell along the video sequence.

2.2 Results and Discussion

To evaluate the performance of the proposed tracking approach, we tested
on a time-lapse video containing 156 brightfield frames considering 30
cells randomly selected. The automatic tracking of each cell was per-
formed individually.

In Table 1 we present the performance results where we observe that
better results were obtained considering SIFT descriptors for cell shape
characterization and assuming a random motion. In figure 1 (c) it is pos-
sible to observe the final result of the tracking process.

3 Software prototype

In order to allow biology researchers to use our work in their experimen-
tal analysis tasks we developed an easy to use software to perform cell
detection and tracking. In Figure 2 is visible the graphical user interface
of the developed software application where the tracking result of several
cells is presented.

In addition to facilitate cell annotation by biologist researchers this
will help us in the validation of our system. Currently this validation is
performed by comparing the obtained tracks from the automatic approach
with the tracks obtained manually by experts. By using this software the
obtained tracks are corrected on-line. For the biologist researchers it is
an easy task and they obtain from the software what they need for cell
analysis and for our work we obtain tracks validated that we can use for
methodology validation.

4 Conclusion

We proposed an automatic approach for cancer cells tracking in bright-
field microscopy images in order to analyse their mobility. For that a
Kalman filter was used comparing between constant position and con-
stant velocity motion models. Results showed that the assumption of a
random motion and the use of SIFT descriptors for the measurement pro-
cess led to better tracking results.

As future work we aim at tracking the complete cell population using
a model that includes the model of shape and mobility together.

Figure 2: Automatic cell tracking software.
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Abstract

Evaluation of parasite infection indexes on in vitro cell cultures is a prac-
tice commonly employed by biomedical researchers to address biological
questions or to test the efficacy of novel anti-parasitic compounds. In the
case of Leishmania infantum, infection indexes are usually determined
either by visual inspection of cells directly under the microscope or by
counting digital images using appropriate software. In either case assess-
ment of infection indexes is time consuming, thus motivating the creation
of automatic image analysis approaches. Our aim is to develop a fully
automatic methodology for infection indexes evaluation. In our previous
work we approach detection problem with a feedback loop that tunes to
the size of the object of interest, based on the DoG filter. We propose
using linear spectral unmixing in our cell detection loop to improve im-
age quality for higher analysis performance. Our linear spectral unmixing
approach can improve image quality and the final detection results, par-
ticularly when the image being processed presents overlapping spectral
profiles.

1 Introduction

Leishmania infantum is a unicellular parasite that causes human and ca-
nine leishmaniasis in countries of the Mediterranean basin, Portugal in-
cluded. In its mammalian hosts, Leishmania infects and multiplies in-
side macrophages. One strategy that is commonly employed to study the
mammalian stage of Leishmania makes use of in vitro macrophages cul-
tures infected with this parasite. Under this setting, macrophage infec-
tion indexes are used as a measure of parasite growth and survival. In-
fection indexes are determined by multiplying the percentage of infected
macrophages by the average number of Leishmania per cell. Both these
parameters are determined by manual counting of cells which is time con-
suming and subjective [2]. This motivates the creation of automatic cell
culture analysis approaches. Most approaches for cell detection in flu-
orescence microscopy images are based on automatic image segmenta-
tion [3, 8, 10]. However, such approaches are governed by parameters
that are not robust to image quality and are complex for someone unfamil-
iar with image processing, requiring experts for readjustments, reducing
robustness and usability [9, 10].

Local image filters have been introduced to aid in cell detection based
on shape. Usaj et al. proposed the use of the Laplacian of Gaussians for
cell detection, given their approximated circular shape [7]. Esteves et al.
proposed the use of local convergence filters for the detection and shape
estimation of cell nuclei [4]. In our previous work we proposed a fully
automatic system for assessment of infection index on macrophage cell
cultures based on feedback loop that iteratively detect the size of cellular
components [5]. However, some cell cultures images suffer from fluores-
cence cross-bleed, making analysis more error prone. In typical use of
fluorescence microscopy, either the sample to be observed is tagged with
fluorescent molecules (fluorophores) or the sample itself has fluorescing
properties. When excited this molecules release photons, which can be
recorded as fluorescent intensity resulting in a spectral profile particular
to each fluorophore. However, it is common that spectral profiles of differ-
ent fluorophores overlap. Spectral imaging coupled with image analysis
using linear spectral unmixing can be employed to segregate mixed fluo-
rescent signals and more clearly resolve the spatial contribution of each
fluorophore, facilitating image segmentation. Al-Kofahi et al. proposed
the use of multi-scale Laplacian-of-Gaussian filltering on histopathology
images with unmixed fluorophores spectral profiles to automatically de-
tect and segment cell nuclei [1].

Ch. B (nuclei) First Seg. Final Seg.

Ch. G (parasites) First Seg. Final Seg.

Ch. R (cytoplasm) First Seg. Final Seg.

Figure 1: Localization of cell structures for each image channel. Nuclei
detection (first row). Parasites detection (second row). Cytoplasm seg-
mentation (third row).

We use liner spectral unmixing to improve our previous results on
assessment of Leishmania infection indexes on macrophages cell cul-
tures [5], as well as to improve image quality. We propose automatic
linear spectral unmixing where points are selected from the segmented
areas of cell in our cell detection loop, improving that same detection.

2 Methods

With the aim of developing a fully automatic methodology for evaluation
of infection indexes in in vitro cell cultures, we approach cell detection
with a feedback loop that tunes the size of the object of interest, based on
DoG filter [5]. We use the location of the three detected cell areas, cor-
responding to the cellular components, as inputs for spectral unmixing.
Using linear spectral unmixing we improve image quality for cell detec-
tion and for visualization. As final goal, we calculate infection indexes by
analyzing the overlap between the different segmented areas of interest.

2.1 Localization of cell structures

Localization of cell structures (nuclei, parasites, cytoplasm) is obtained
using two different approaches. Nuclei and parasites are detected using
a DoG local filter. The cytoplasm positions are gathered using a water-
shed. Figure 1 shows an example of cell structure localization using these
approaches.

Prior to the detection we perform background subtraction in the green
and blue channels and in the red channel we do adaptive histogram equal-
ization.

2.1.1 Nuclei and parasites detection

To find the nuclei and parasite locations we take advantage of the scale
selection properties of the Difference-of-Gaussians (DoG) filter, which is
an approximation of the Laplacian-of-Gaussian filter [6]. This filter can
be defined as the subtraction between two Gaussian smoothed copies of
the original image:

D(x,y,σ) = L(x,y,σ)−L(x,y,σ + k) , (1)
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Figure 2: Image with overlapping spectral profiles. Automatic detection
result without (left) and with (right) linear spectral unmixing. Parasite,
cell nuclei and cell cytoplasm estimated segmentation is shown in yellow,
red and blue respectively.

where k is the difference in the standard deviation of the Gaussians
and L is a Gaussian smoothed image defined by:

L(x,y,σ) = g(x,y,σ)∗ I (x,y) , where: g(x,y,σ) = e
−(x2+y2)

2σ2 (2)

The filter response is higher for objects within the DoG filter’s size
band. To overcome the need to know the size of the objects, DoG pa-
rameters are tuned based on the data. Starting with a initial size estimate,
we use a feedback loop where the assumed object size in each iteration is
a weighted sum between the old size and the new size estimate. A ver-
ification if the detected objects size is coherent with that initial guess is
performed, if not the system updates the size estimate repeating the pro-
cess. We obtain the detections using Otsu’s automatic thresholding on the
filter response image. To further increase robustness we do not fully ac-
cept all detections, instead we fit a Gaussian to the detected objects’ size
data and remove the top and bottom 5% of all detections (both are ignored
for size estimation purposes). For the final image result the smaller 5%
detections are considered noise and are removed, and the top 5% are split
based on regional maximum existing in the DoG filtered image from the
last iteration of the feedback loop.

2.1.2 Cytoplasm segmentation

While both macrophage nuclei and parasite detection can be performed
based on their overall shape, macrophage’s cytoplasm has no characteris-
tic shape. The only prior knowledge we can use for cytoplasm segmenta-
tion is that the cell nucleus is inside the cytoplasm. Given the location of
nuclei, we use seeded watershed as our cytoplasm segmentation approach,
using the nuclei location as the seed for the watershed [10].

2.2 Automatic supervised linear spectral unmixing

In this work we implement supervised linear spectral unmixing in an au-
tomatic way to isolate the spectrum belonging to each one of three cellular
structures. One drawback of using supervised linear spectral unmixing is
that it relies on manual input of known locations of each cell structure [?
]. We approach this issue differently by selecting the pixels that belong
to each detected cellular region based on the automatic detection obtain
in section 2.1, we assume the detections are a good approximation of the
correct cell structure regions. For each detected cellular region we then
randomly choose 40 locations that will be considered as inputs to perform
image linear spectral unmixing.

We also use the same approach to select pixels that belong to the back-
ground. With this last set of points we perform background fluorescence
regularization of the image. The regularization is done by estimating a
luminance surface, solving nonlinear curve-fitting in least-squares sense.

At a single pixel, the recorded intensity is a vector, I, the actual in-
tensity observed is a function of the fluorophore concentrations at any
given pixel. If F is the vector of fluorophore concentrations called vector
of abundance fractions, the measured intensity at each pixel is given in
matrix form as:

I = S×F =

R
G
B

=

s1,1 s1,2 s1,3
s1,2 s2,2 s2,3
s1,3 s3,2 s3,3

×

F1
F2
F3

 (3)

where S is the target spectral signature matrix, representing the set of sen-
sitivities of each color channel to the spectrum of each fluorophore. To es-
timate the abundance fraction vector we used the set of chosen points, rep-
resentative of the 3 different fluorophores, and compute the least-square
estimate:

Method Infection Index Nuclei Parasites
- ICE(%) NPIE(%) DE(%) DE(%)

FD
Normal 3.6 14.6 3.8 25.7
Unmixing 3.3 14.7 4.9 23.8

CD
Normal 2.7 22.9 4.3 26.1
Unmixing 2.9 5.9 6.3 21.6

Table 1: Results comparing cell detection and parasite infection with and
without linear spectral unmixing for the full 86 image dataset (FD) and
for a dataset composed of 10 images exhibiting fluorescence cross-bleed
problems (CD).

F =
(

ST S
)−1

ST I (4)

After performing linear spectral unmixing and luminance regulariza-
tion, the output image is again fed to the detection algorithm described in
section 2.1.

2.3 Parasite infection index evaluation

A macrophage is considered infected when parasites are inside its cy-
toplasm, this translates to an overlap between parasites and cytoplasmic
image area. Given that we already obtained both image areas’ segmen-
tation, we check, for each macrophage if there are parasites in its cyto-
plasmic area, using their central location. The final measures for the eval-
uation of the parasites’ infection index are the number of macrophages
in an image that are being attacked by parasites (parasites overlap with
that macrophage’s cytoplasm) and the number of parasites infecting each
macrophage (number of parasites inside the cytoplasm of the infected
macrophage).

3 Results

To evaluate our methods performance we calculated the detections error
(DE) for nuclei and parasites. Since the purpose of this work is to au-
tomatically estimate the infection level in the cell culture we calculated
the infected cell count error (ICE) and the number of parasites infecting
each cell error (NPIE). The detections errors are obtained comparing the
automatic results with the groundtruth.

In Table 1 are the detection errors for our proposed method, with and
without the supervised linear unmixing step.

Regarding the infection level estimation, the main objective of our ap-
proach, the infected cell count error was 3.3% with a number of parasites
infecting each cell error of 14.7%. While for overall images there was lit-
tle gain from using spectral unmixing (non statistically significant), there
are considerable improvements for images with fluorescence cross-bleed
problems.

The spectral unmixing step allows a better detection of the macrophages
cell limits (see Figure 2) resulting in a correct overlap between parasites
and infected cells, bringing the results closer to the groundtruth.

4 Conclusions

Our proposed approach for performing linear spectral unmixing, with a
set of points collected from the detected cellular regions, was able to im-
prove image quality and the final detection results, particularly when the
image being processed presents overlapping spectral profiles.

Results obtained showed that our approach has a 3.3% error compar-
ing with the manual annotated results for infection level estimation and
within 5% and 24% for nuclei and parasite detection respectively. Fu-
ture work will be focused on the adaptation of the detection parameters
for each experiment, instead of each image, as imaging condition do not
change between images of the same culture. It is also important to find
a suitable measure to automatically decide if a particular image presents
scrambled spectral profiles and needs to be processed by linear unmixing.
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Abstract

The present work aimed to provide a robust algorithm for biometric iden-
tification, based on the Viola-Jones algorithm for the segmentation of spe-
cific facial regions, and posterior feature extraction using SIFT keypoint
descriptors. We trained M-order Gaussian Mixture Models to represent
the feature probability distribution of each individual. Experimental re-
sults on the MobBIO multimodal database show that the proposed solu-
tion is able to match 68.1% of the images to the respective individual,
reaching peak performance for M = 16 and the region corresponding to
both eyes.

1 Introduction

Several human biological traits show a considerable inter-individual vari-
ability. Biometrics works by recognizing patterns within these biological
traits to perform accurate recognition. The growing need for reliability
and robustness, raised some expectations and became the focal point of
attention for research works on biometrics [1].

Over the past few years face recognition has been on the spotlight of
many research works in biometrics. The face is an easily acquirable trait
with a high degree of uniqueness. These marked advantages, however, fall
short when low-quality images are presented to the system. Several recent
works have tried to explore alternative hypothesis to face this problem,
either by developing more robust algorithms or by exploring new traits to
allow or aid in the recognition process [7].

On the present work we explore the possibility of performing biomet-
ric recognition on reduced regions-of-interest inside the face, such as the
eyes, the nose or the mouth. By working on smaller regions we attempt
to offer an alternative to face recognition when only partial data is made
available or when heterogeneous conditions characterize variable parts of
the image. We also expect a smaller computational complexity and, thus,
faster processing times as a result of the aforementioned process.

2 Methodology

The proposed algorithm aimed to perform biometric recognition on con-
ceptually well-defined regions-of-interest in face image. Each image is
processed using the Viola-Jones algorithm [6], yielding a segmentation of
each individual trait of interest: mouth, nose and eyes.

After each region’s segmentation, the Scale Invariant Feature Trans-
form (SIFT) strategy is used to compute a set of scale and rotation invari-
ant keypoint descriptors to achieve a meaningful representation of each
segment’s content. Given a dataset of N individuals, each individual’s
data – i.e. set of SIFT keypoints – is modelled using Gaussian Mixture
Models (GMM), an unsupervised learning procedure that yields a prob-
ability distribution of observations describing each individual’s specific
variations of the tested biometric trait. Such models are capable of cap-
turing the empirical probability density function (PDF) of a given set of
feature vectors, so as to faithfully model their intrinsic statistical proper-
ties [5].

The choice of GMM to model feature distributions in biometric data
is extensively motivated in many works of related areas. From the most
common interpretations, GMMs are seen as capable of representing broad
“hidden” classes, reflective of the unique structural arrangements observed
in the analysed biometric traits [5]. Besides this assumption, Gaussian
mixtures display both the robustness of parametric unimodal Gaussian
density estimates, as well as the ability of non-parametric models to fit
non-Gaussian data [4]. This duality, alongside the fact that GMM have
the noteworthy strength of generating smooth parametric densities, con-
fers such models a strong advantage as generative model of choice for

modelling.
All models are trained on sets of 128-dimensional Scale Invariant

Feature Transform (SIFT) keypoint descriptors, X i
train = {xi

tr1...x
i
trN}, ex-

tracted from the images of a specific individual, i. Such features present
invariance to image scaling, translation, rotation and partial invariance to
illumination changes and affine or 3D projection [2], conferring them a
strong appeal in the area of unconstrained biometrics.

The trained models are validated and the global performance of the
system assessed by the projection of the test data, Xtest = {xt1...xtN},
onto all of the N previously trained individual-specific models. Decision
is performed by a maximum likelihood test, using the average maximum
likelihood value for all vectors xti,∀i ∈ {1..N}. The global pipeline of
the training and test phases of the proposed algorithm is schematized in
Figure 1.

Figure 1: Flow chart of the enrollment (model training) and identification
(model validation) tasks of the proposed algorithm.

3 Results and Discussion

3.1 Tested dataset

The proposed algorithm was tested on the MobBIO multimodal database [3],
created in the scope of the 1st Biometric Recognition with Portable De-
vices Competition 2013, integrated in the ICIAR 2013 conference (https:
//www.iciar.uwaterloo.ca/iciar13/). The main goal of the
competition was to compare different methodologies for biometric recog-
nition using data acquired with portable devices. We tested our algorithm
on the face modality present on this database. Regarding this modality,
the database is composed by 105 individuals and a total of 2658 images.
The train dataset is composed by 8 face images, while the test dataset
presents a total of 1496 images with variable number of images per indi-
vidual. Figure 2 depicts some examples of such images.

(a) (b) (c) (d)

Figure 2: Examples of face images in the MobBIO database.



063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125

3.2 Recognition performance

On this section we discuss the most relevant results. Concerning the
detection of the relevant regions-of-interest (ROI), the Viola-Jones algo-
rithm’s failure-to-enroll (FTE) ratio can be defined as the ratio of ROI of
each category – eyes, mouths and noses – that were not correctly detected.
Table 1 presents the FTE results for each category. It can be noted that the
eyes present the highest FTE, probably due to the more constrained na-
ture of images used during the Haar cascade training phase (for example
no glasses and constant illumination). Figure 3 depicts some examples of
correctly detected structures of interest.

(a) (b) (c)

Figure 3: Examples of detected regions-of-interest in some face images
from the MobBIO database.

Regarding the order of the GMM, M, we observed a performance
peak at M = 16. This tendency can be readily observed by the analysis
of Figure 4. Working with higher orders could also result in some loss
of generality and overfitting to noise, as well as slower testing time. For
these reasons we present all further results with respect to the aforemen-
tioned value of the M parameter (see Table 1).

Figure 4: Rank-1 recognition rates for variable values of the GMM order
parameter M.

Another probable explanation for the performance degradation when
working with higher orders might be connected to the stop criteria in the
EM training algorithm: if a fixed number of iterations is defined, low
order models will probably end in a better fit than more complex ones.
This results in a stronger modelling of the data when working with low
orders.

Table 1 summarizes the most significant results obtained for the opti-
mal performance parameter of M = 16. We analyse the rank-1 recognition
rate, that is, the ratio of correctly identified individuals in a 1:N compari-
son. In this setup each test image is compared against every one of the N
individual-specific models, trained in the enrollment phase, and the model
that outputs the highest likelihood is associated with the detected identity.

Mouth Nose Eyes
Test 50.2 59.2 68.1
FTE 4.69 8.76 12.1

Table 1: Rank-1 recognition rate for the tested face regions. These results
correspond to the best GMM configuration with M = 16.

3.3 Processing time

The proposed algorithm was developed in Python and tested on a PC
with 3.0GHz Intel(R) Core(TM) i7-2600 processor and 8GB RAM. To

train the GMM’s we used the scikit:learn toolbox, using diagonal covari-
ance matrices for faster training. Finally the SIFT keypoint extraction
was performed using the OpenCV 2.4.9 library. The computational time
of a single identity test is dependent on the number of mixtures in the
trained GMM’s. Considering M = 16, we observed a testing time of
0.0441± 0.0073s per identity. In our 100 individual subset this trans-
lates into a little below half a second to perform a full comparison with
every individual enrolled in the model database. It might be interesting to
check the real-time applicability of this method using online acquisition
of face images.

4 Conclusion

In this work we presented a personal identification system based on the
analysis of specific regions-of-interest – eyes, nose and mouth – which are
detected using the Viola-Jones algorithm. The system performance has
been examined in two ways: (1) how well does the Viola-Jones approach
detect the ROIs, and (2) how accurate is the match between each image in
the test dataset and the respective ID.

The obtained recognition results lead to a few main conclusions: 1)
none of the explored sub-regions of the face was able of, per se, yielding
results that match the state-of-the-art performance of full-face recogni-
tion. However, the eye region, known in literature as the periocular re-
gion proved to be, by a large margin, the most promising region for partial
face recognition; 2) the results could have been better if we had not as-
sumed that only the keypoint content of a scene is enough to describe it.
By generating a likelihood based only on the presence of descriptors we
are ignoring all the spatial information about their relative position.

Future work, besides exploring both the aforementioned topics, could
focus on enabling live capture using a webcam, and how tracking mecha-
nisms could be implemented to leverage the accuracy and processing time
of our system. Another interesting question for further exploration is how
the left and right eyes (which were treated as one single region in our ap-
proach) can be treated as independent models and how their synergy can
help improve recognition.

Acknowledgment

This work is financed by the ERDF âĂŞ European Regional Develop-
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Abstract

Deep Learning approaches have gathered a lot of attention lately. In this
work, we study their application to the breast cancer field, in particular
for mass detection in mammograms. Several experiments were made on
a real mammogram benchmark dataset. Deep Learning approaches were
compared to other classification methodologies. It was concluded that, al-
though useful, the implementation used does not outperform SVMs. Fur-
ther study and adjustment of the method for this application is needed.

1 Introduction
Although the back-propagation algorithm [13] has been available for train-
ing neural networks for a long time, it was often considered too slow for
practical use. As a result other learning models such as support vector
machines (SVMs) dominated the field in the 1990s and 2000s. The term
“deep learning” regained attention in the mid-2000s when it was shown
that a many-layered neural network could be effectively pre-trained, one
layer at a time, treating each layer in turn as an unsupervised restricted
Boltzmann machine, and then using supervised back-propagation for fine-
tuning [6].

Deep Learning is, however, not yet a popular approach in the mam-
mogram image processing and classification field. Some notable excep-
tions are described next. Rose et al. [12] apply deep-layered clustering
on the detection of calcifications. Tan and Eswaran [14] study the com-
pression of mammograms using autoencoders. Kersten et al. [9] propose
a breast density scoring method with multi-scale denoising autoencoders.
Jamieson et al. [8] learn breast image features with adaptive deconvolu-
tional networks towards the goal of binary classification between cancer
and non-cancer breast mass lesions.

In this work, we also present results on binary classification between
cancer and non-cancer breast mass lesions extracted from the INBreast
database, and go a step further by doing a preliminary study on the use of
deep learning approaches to mass detection on mammogram images.

2 Methods
High-dimensional data can be converted to low-dimensional codes by
training a multilayer neural network with a small central layer to recon-
struct high-dimensional input vectors. Gradient descent can be used for
fine-tuning the weights in such “autoencoder” networks, but this only
works well if the initial weights are close to a good solution.

Hinton and Salakhutdinov [7] describe an effective way of initial-
izing the weights that allows deep autoencoder networks to learn low-
dimensional codes that outperform principal components analysis as a
tool for dimensionality reduction1.

In this work we are interested in studying the behavior of the above
mentioned method for the detection of breast masses in mammograms.
The autoencoder consisted of an encoder with layers of size 1025-500-
500-2000-2 and a symmetric decoder. The two units in the code layer
were linear and all the other units were logistic.

3 Results
All 116 masses from the INBreast database [10] were used in the fol-
lowing tests. A rectangular ROI was generated from the bounding box
(BB) of each mass, by expanding the BB by 20%. The examples with
no masses were generated as follows. For each mammogram where a
mass was extracted, an ROI of the same size was also randomly selected
under the constraint that it did not intersect with the mass ROI. Every

1Code available from http://www.cs.toronto.edu/~hinton/
MatlabForSciencePaper.html.

ROI was resized (using bi-cubic interpolation) to a square of 32 pixels per
side. After resizing, pixel intensities were normalized to span the interval
[0,255]. While this approach avoids having to deal with the data unbal-
ancing problem, it has the shortcome that the selected non-mass patches
may not represent every possible aspect of healthy breast tissue. In order
to use all the available information, Curriculum learning approaches [2]
where examples are not randomly presented but organized in a meaning-
ful order might be studied in the future.

The dataset was split into training and testing in the proportion 75%/
25%. In order to have more stable results, the split was repeated 40 times
and the results were averaged. For comparison, the following methods
were also used: k-Nearest neighbors (kNN); Decision Trees (DT); Lin-
ear Discriminant Analysis (LDA); Naive Bayes (NB); and Support Vector
Machines (SVM). Matlab default values were used for every model pa-
rameter.

Throughout we speak of two results as being “significantly different”
if the difference is statistically significant at the 1% level according to
a paired two sided t-test, where each pair of data points consists of the
estimates obtained in one of the 40 runs of the learning schemes being
compared.

The first experiment concerns the distinction between mass and non-
mass examples. In this experiment, only the above mentioned ROIs were
used. Some patches with and without masses are shown in Figure 1 and
quantitative results are presented in Table 1. Features learned by the first
hidden layer of the deep learning method are depicted in Figure 2. All the

Figure 1: Examples of ROIs with (red) and without (green) masses.

Figure 2: Some filters learned by the first hidden layer of the deep learning
method. Excitatory connections are shown in white, whereas inhibitory
connections are in black.

differences have proved to be significant, except between Deep Learning
and both kNN and NB. This means that the only method that is signifi-
cantly better than Deep Learning is the SVM. Thus, in the remaining tests,
besides Deep Learning, only SVMs will be tested.

In the next experiment, we try to adjust some parameters inherent to
each model by using a two-fold cross validation methodology. For SVMs
a grid search was performed over C = 2−2 . . .212 and with three kernels,
(1) Linear, (2) Gaussian Radial Basis Function (RBF) (γ = 0.1 . . .1) and
(3) Polynomial (degree = 2 . . .4). Due to time constraints, for the Deep
Learning experiments only the number of layers was varied from 1 to 3.
Results can be seen in Table 2. For SVMs with the linear kernel, the
results significantly improve over the ones presented in Table 1. Note
that the default setting used was a Linear kernel with C = 1. Both the
Polynomial and RBF behave significantly worse than the Linear kernel.
In the remaining experiments, when we refer to the SVM model, we mean
using the Linear kernel and with grid search over the cost parameter C.

For Deep learning, it appears that increasing the number of layers has
a positive effect. Differences between having 1 or 3 layers are significant.
However, differences between having 1 or 2 layers or 2 or 3 layers are not
significant. We will continue to use 3 layers in the remaining experiments.

Finally, we build up on the previous test and constructed a mass detec-
tion system. Each mammogram is scanned and the previous classifiers are



Table 1: Mass versus not mass classification error and average time per repetition (in minutes). Results are presented in the format: mean (standard
deviation).

kNN DT LDA NB SVM Deep Learning
Error 0.151 (0.039) 0.211 (0.055) 0.496 (0.084) 0.120 (0.053) 0.073 (0.033) 0.141 (0.054)
Time 0.001 0.013 0.006 0.092 0.003 179.766

Table 2: Mass versus not mass classification error and average time per repetition (in minutes) with parameter selection. Results are presented in the
format: mean (standard deviation).

SVM Deep Learning
Linear kernel Polynomial Kernel RBF kernel 1 layer 2 layers 3 layers

Error 0.067 (0.073) 0.113 (0.312) 0.442 (0.000) 0.157 (0.046) 0.151 (0.066) 0.141 (0.054)
Time 0.033 0.0488 0.594 33.346 106.556 179.766

used to classify each patch as mass or non-mass. This scan is made in a
multi-scale way by resizing the mammogram 20 times at different scales.
For each tested patch, in case it is classified as a mass, a confidence value
in the classification is also computed. As SVMs produce an uncalibrated
value that is not a probability [11], the confidence value was set to 1.
For deep learning, the continuous value of the output neuron is used as
the confidence value. An SVM classifier was trained on these confidence
values, in order to have a final binary classification per pixel. A formal
analysis of the results is still in progress, but some selected detections can
be seen in Figure 3 and.

Figure 3: Some mass detection results using SVM classifier. Left: origi-
nal mammogram with ground truth masses in green; Middle: SVM results
with detected masses in red; Right: Deep Learning results with detected
masses in red.

It can be seen from the examples that both methods are able to find
masses of different sizes and in different locations. It is important to note
that no mass was missed by either technique. There are, however, some
false positives. In order to decrease the quantity of false positives, some
empirical rules can be implemented, these include eliminating very small
regions, or regions whose height to width ratio is not reasonable. In alter-
native (or in complement) another layer of more sensitive classifiers could
be built using only the detected regions.

4 Conclusions
In this work we have studied the problem of mass detection in mammo-
grams. Several classifiers were tested and special attention was given
to Deep learning methodologies. A strength of this work is that no “hand
crafted” features were extracted. All methods worked directly in the patch
pixels intensity space.

The encouraging results were obtained with no formal attempt of op-
timization of the hyper-parameters (e.g. the number of nodes per hidden

layer). We believe that the selection of a different structure will further
improve the results [1, 4].

Another technique that might improve the results would be to aug-
ment the dataset with known input deformations that are known not to
change the class (e.g. small affine transformations such as translations,
rotations, scaling, shearing) [3].

Some other possible applications of deep learning that we intend to
study include: (1) detection of microcalcifications; (2) classification of
suspicious lesions into benign/malign; and (3) to use the features learned
by the autoencoder for the suspicious regions for Bi-RADS classification
of the full mammogram image [5].
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Abstract

The Arteriolar-to-Venular Ratio (AVR) is commonly used in studies for
the diagnosis of diseases such as diabetes, hypertension orcardio-vascular
pathologies. This paper presents an automatic approach forthe estima-
tion of the Arteriolar-to-Venular Ratio (AVR) in retinal images. The pro-
posed method includes vessel segmentation, vessel caliberestimation, op-
tic disc detection, region of interest determination, artery/vein classifica-
tion and AVR calculation. The method was assessed using the images of
the INSPIRE-AVR database. A mean error of 0.05 was obtained when the
method’s results were compared with reference AVR values provided with
this dataset, thus demonstrating the adequacy of the proposed solution for
AVR estimation.

1 Introduction

Retinal vessel features play an important role in the early diagnosis of sev-
eral systemic diseases, namely diabetes, hypertension andvascular disor-
ders. In diabetic retinopathy, the blood vessels often showabnormali-
ties at early stages [8]. Changes in retinal blood vessels, such as signifi-
cant dilatation and elongation of main arteries, veins, andtheir branches,
are also frequently associated with hypertension and othercardio-vascular
pathologies [2], [7].

Among several characteristic signs associated with retinal vascular
changes, the Arteriolar-to-Venular Ratio (AVR) is used as an indicator of
cardiovascular risk since it can reflect the narrowing of theretinal blood
vessels. A low AVR value is associated with a high blood pressure, thus
increasing the risk of stroke, diabetes and hypertension. Development
of an automatic image analysis system for the estimation of AVR values
requires vessel segmentation, accurate vessel caliber measurement, optic
disc detection for region of interest delineation and artery/vein classifi-
cation [3]. In this paper, we propose a fully automatic method for the
estimation of the AVR value which achieves better performance than re-
cently proposed approaches.

2 Material and methods

The estimation of AVR requires optic disc detection, vesselsegmentation,
accurate vessel caliber measurement and artery/vein classification [3].
Vessel segmentation must be used for finding the vessels, andoptic disc
detection is necessary to locate the region of interest (ROI) where ves-
sel calibers are measured. An automatic AVR measurement system must
classify the retinal vessels into arteries and veins with high accuracy since
small classification errors can have a significant influence on AVR values.
Finally, caliber measurements are used to compute AVR, according to the
formula proposed by Knudtsonet al. [3]. Figure 1 depicts the block di-
agram of the proposed method for AVR estimation. The main phases of
the proposed method are described in the following subsections.

2.1 Vessel segmentation

For segmenting the retinal vessels, the method previously proposed by
Mendonçaet al. [5] was chosen and adapted for the segmentation of
high resolution images [6]. Figure 2(b) illustrates the vascular tree for the
original image of Figure 2(a).

This work was supported by FEDER funds through the Programa Operacional Factores de
Competitividade-COMPETE and by Portuguese funds through FCT-Fundação para a Ciência
e a Tecnologia in the framework of the project PEst-C/SAU/LA0002/2011 and the research
grant SFRH /BD/73376/2010.

Figure 1: Block diagram of the proposed method for AVR estimation.

(a) (b)

(c) (d)

Figure 2: (a) Original image; (b) Vessel segmentation result; (c) Region
of interest for AVR (delimited by the two green circles) and the optic disc
margin (red circle); (d) A/V classification result.

2.2 Vessel caliber measurement

For vessel caliber measurement a distance transform is applied to the seg-
mented vascular tree and the result of this transform in eachvessel pixel
is the distance of the pixel to the closest boundary point,d. After that, for
each vessel centerline pixel, the vessel caliber value,vc, is estimated by
vc = 2d −1.

2.3 Region of interest detection

The optic disc center (ODC) is located using an automatic methodology
proposed by Mendonçaet al. which is based on the entropy of vascular
directions [4]; the region of interest (ROI) is centered on the ODC, and
defined considering a disc diameter adapted to image resolution. Figure
2(c) shows an example of optic disc boundary and the region ofinterest
for calculating the AVR.



(a) (b) (c)

Figure 3: Bland-Altman plots of the agreement: (a) between proposed method and reference; (b) between Observer 2 and reference; (c) between
Niemeijer’s method and reference.

2.4 Artery/vein classification

In order to classify the vessels as an artery or as a vein, an improved ver-
sion of the automatic graph-based A/V classification methodpreviously
described in [1] is used. This method represents the segmented vascula-
ture as a graph, which is afterwards modified for removing some typical
errors and misrepresentations. Then the modified graph is analyzed for
deciding about the type of intersection points (graph nodes) and based
on the node types in each separate subgraph, all vessel segments (graph
links) that belong to a particular vessel are identified and labeled using
two distinct labels. Finally, intensity features are measured from the seg-
ments for assigning the final artery/vein class to each label. The result of
A/V classification is shown in Figure2(d).

2.5 AVR calculation

We have followed Knudtson’s revised formula [3] to calculate the AVR
value. The Knudtson’s formulas for approximating the vessel equivalents
are as the following:

Arterioles : Ŵa = 0.88∗
(

wa1
2
+wa2

2
)

1
2

(1)

Venules : Ŵv = 0.95∗
(

wv1
2
+wv2

2
)

1
2

(2)

wherewa1 , wa2, andŴa are, respectively, the widths of the narrower
branch, the wider branch, and the estimate of parent trunk for arteries.
wv1, wv2, andŴv have the same meanings for veins. For computing the
central retinal artery equivalent, a set with the six largest arteries is first
selected. Then, an algorithm is used for pairing up the largest and the
smallest vessels in this set, and the parent trunk width is determined using
Knudtson’s formula (1). A new set is formed by substituting the largest
and smallest arteries with the parent trunk, and this algorithm is iterated
until a single vessel is kept, whose width is the CRAE value. Asimilar
procedure is used for calculating the CRVE, starting from the set formed
by the six largest veins and using Knudtson’s formula (2). Anapproach
similar to the one described in [9] is applied for AVR measurement. The
ROI is equidistantly sampled to provide six regions. For each region, the
six largest arteries and the six largest veins are identified, and the regional
AVR value is obtained. The final AVR estimate for the completeimage is
the average of the six regional values.

Table 1: Comparison of AVR values
Reference Proposed method Observer 2 Niemeijer’s method

AVR AVR error AVR error AVR error

Mean 0.67 0.65 0.05 0.66 0.05 0.67 0.06

Stdev 0.08 0.09 0.04 0.08 0.05 0.07 0.04

Min 0.52 0.48 0 0.45 0 0.55 0.01

Max 0.93 0.86 0.15 0.85 0.29 0.81 0.15

3 Results

For validating the proposed AVR estimation method, we have used the 40
images of the INSPIRE-AVR dataset. This dataset includes two AVR
measures that were computed by two ophthalmologists using asemi-
automated computer program. The AVR estimates for Observer1 are used
as reference for calculating the errors for the results of both Observer 2
and our method. The analysis of the mean AVR and error values in Table
1 allow the conclusion that the error of our method is similarto the one of

Observer 2 and is smaller than the error of the recent approach presented
by Niemeijeret al. [9]. The agreement between the different methods and
the reference can be observed in the Bland-Altman plots depicted in Fig-
ure 3. From the observation of these plots, it is worth mentioning that the
results of our method are similar to those of Observer 2, and do not show
a substantial bias as the mean of differences between the AVRvalues is
close to 0. The 95% limits of agreement for all methods are also almost
identical.

4 Conclusions

We have described an automatic method for calculating the AVR value in
retinal images that is supported by a new solution for A/V vessel classifi-
cation. The herein proposed approach was assessed in the images of the
INSPIRE-AVR dataset where it has achieved a mean error of 0.05, iden-
tical to the one obtained by Observer 2. The low error is promising and
demonstrates that our solution has a high potential for clinical application.

In order to determine the ROI for AVR calculation, a constantvalue
is assumed for the optic disc diameter in all images. Therefore, as future
work, we will focus on the development of a new approach for optic disc
boundary detection and diameter measurement.
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