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Abstract—In this paper, a classification procedure for
Baker’s cysts was proposed. The procedure contained two
subprocedures: the image preprocessing (dual thresholding,
labeling, feature extraction) and the classification (Random
Forests, cross validation). In total, five features were required
to classify the cysts. These geometric features represented the
location, the area and the convexity of the cyst. The procedure
was proven effective on a set 436 varied MRI images. The set
contained 68 images with cysts ready for aspiration and was
oversampled with the SMOTE approach. The proposed method
operates on 2D MRI images. This reduces the time of diagnosis
and, with the ever increasing demand for MRI scanners, is
justified economically. The method can be employed in systems
for autonomous and semi-autonomous Baker’s cyst aspiration
or as a standalone package for MRI images annotation.
Furthermore, it can be also extended to other fluid-based
medical conditions in the knee.

1. INTRODUCTION

‘ N ] ITH the ageing of the world population and the ever

present health sector shortages [1], automation of
surgical procedures is increasingly more common and im-
portant. For some of the simpler medical conditions, it is
possible to develop robotic systems to treat them nearly au-
tonomously. This in turn offloads the medical staff — their
time and experience can be devoted to difficult and compli-
cated surgical procedures.

A Baker’s cyst is a very common medical condition (see
Fig. 1). The cyst is a synovial capsule filled with fluid,
which often occurs when the knee is in an inflammatory
state. This condition is not dangerous, but it can affect the
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patient’s quality of life through pain and reduced range of
motion of the knee. The safest and easiest method of treat-
ment for this condition is aspiration [2]. The aspiration is
usually preceded by Magnetic Resonance Imaging (MRI)
[3]. Often, full 3D scans are obtained, as they can be used to
precisely diagnose the cyst and chose the best approach for
aspiration. Despite its simplicity, fully autonomous aspira-
tion of Baker’s cyst remains largely unexplored in the litera-
ture. To automate this procedure, it is necessary to propose a
classification procedure, capable of determining whether the
knee contains a Baker’s cyst that is ready for aspiration.

Two major approaches to medical image classification
can be distinguished. In the first one, the learning algorithm
is supplied a raw image and it learns meaningful features
from the image automatically [4]. This approach is intuitive
but requires large training sets and time-consuming training
to provide good results. Such datasets can only be obtained
through scientific collaborations, which are often focused on
pressing medical issues. In case of simpler medical condi-
tions, the second approach to classification can be em-
ployed. This method involves feature extraction coupled
with image processing [5]. As the features are defined by the
user, smaller training sets can be used. To extract the fea-
tures it is often necessary to segment the image first. While
there are many methods available for the medical image seg-
mentation [6], the thresholding remains one of the more
popular approaches [7]. The threshold can be set manually
by the user or automatically with one of the available meth-
ods [8], [9]. Both approaches were utilized in this study.

Fig 1. The Baker’s cyst.
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In a broader context, a classification procedure can be
seen as a module in systems for autonomous and semi-au-
tonomous surgery, in which it is used for diagnosis. The
other problems in this area include: physical simulation of
soft tissues and joints, medical tool path planning, surgery
planning and surgery optimization [10]-[15].

In this paper, a procedure for Baker’s cyst classification
was proposed. The procedure was based on Random Forests
and operated on 2D scans from Magnetic Resonance Imag-
ing (MRI). The scans were preprocessed using custom, dual
thresholding and labeling. Then, five geometric features
were extracted from the preprocessed images. These features
were then used to train the Random Forest (with cross-vali-
dation). The procedure was repeated 40 times to ensure that
the obtained results were independent of the random number
generator.

II. MEgTtHOD

A. The input dataset

The input dataset contained 12 spatial MRI sets of the
knee. In total, the number of 2D MRI slices was 436. Out of
them only 68 contained a Baker’s cyst that was ready for as-
piration. These 68 images were selected by an experienced
orthopedic surgeon. The disproportion between the classes
is very common in medical classification problems. Typical
machine learning algorithms don’t perform well with such
datasets. Therefore, it is necessary to balance them. In this
study, the input dataset was balanced with the Synthetic Mi-
nority Over-sampling Technique (SMOTE) [16] using Im-
balanced-learn [17].

The proposed procedure was tested on three different
MRI sequences: PDW SPAIR (Proton Density Weighted
Spectral Attenuated Inversion Recovery), STIR (Short Tau
Inversion Recovery) and PDW FatSat (Proton Density
Weighted Fat Saturation) MRI sequences. In all of these se-
quences, the fluid-based structures appear hyper-intense, as
seen in Fig. 2. The images were imported into Python using
Pydicom [18].

The Baker's cysts are typically diagnosed with 3D MRI
scans. The idea to use 2D slices instead of full 3D sets was
partially inspired by the FAST USG, often employed in ab-
dominal cavity diagnosis. In FAST USG the patient is diag-
nosed with only a few sweeps of the transducer. The diagno-
sis takes between 10 and 20 seconds, which is less expen-
sive than a full sweep. These advantages also apply to MRI.
With the ever growing need for MRI-based diagnosis, the
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availability of MRI scanners is a significant factor. Further-
more, some patients can’t undergo full MRI scanning and
others may feel uncomfortable during the procedure. When
using singular 2D MRI scans for diagnosis, as in the pro-
posed procedure, these issues are no a longer a concern.

B. Image processing

The initial threshold for the image segmentation was ob-
tained using the method proposed in [9]. This threshold was
then modified as follows:

thr y,=mfn[1(x, y)*(I(x, y)>thr)], (1)
where: thrs, — the final threshold, thr — the threshold com-
puted with the method presented in [9], I(x, y) — the input
image, mfn() — a function that computes the mean value of a
matrix using only the nonzero elements.

In the next step the image was labeled with a 3 by 3 pixel
mask. After the labeling, the largest object in the segmented
image was selected. This object (see Fig. 3b) was assumed
to be the cyst candidate. In the third step, the boundary of
the knee was obtained (see Fig. 3c¢) using the following
threshold:

thr,=k max[I (x, y)|+(1—k)min[I(x, y)], )

where: k — the thresholding parameter (here: £ = 0.07). Fi-
nally, the obtained bounding box of the knee was applied to
the image of the segmented object (see Fig. 3d).

C. Features

In this study, the following 5 features were used in the
classification procedure:

a) object... — a typical feature used in medical classifica-
tion procedures, which represented the area of the seg-
mented object [mm?],

b) circularity — a dimensionless measure of how circular
the segmented object was; computed as a ratio between the
area of the Largest Empty Circle (LEC) inside the object
LEC,.. and the object area object,rea:

circularity=LEC 3)
The LEC (see Fig. 4b) was obtained using the method pre-
sented in [19],

¢) convexity — a relative feature that measured the convex-
ity of the segmented object; computed as a ratio between the
object area object... and the area of the convex hull of the
object convexhull,.. (see Fig. 4a):

lobject

area area *

convexity=object I convexhull

4
The convex hull of the object was computed using Scipy
[20],

area area *
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Fig 2. The supported MRI sequences: a) PDW SPAIR, b) STIR, ¢) PDW FatSat.
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a) the original MRI image b) the segmented object

(possibly a cyst)

c) the segmented
boundary of the knee

d) the segmented object with
the knee bounding box applied

Fig 3. The image processing.

a) the convex hull

of the segmented object

the segmented
object

b) the LEC in the
segmented object

the LEC center used to

compute the features:
rel_pos_vert_LEC,
rel_pos_hor_LEC

Fig 4. The convex hull and the LEC in the segmented image.

d) rel pos vert LEC — the relative vertical position of the
LEC center (see Fig. 4b),

e) rel_pos hor LEC — the relative horizontal position of
the LEC center.

The first feature separated the cysts from the veins and
the arteries — the cysts ready for aspiration often had larger
areas. The second and the third feature helped distinguish
cases with segmentation errors (multiple, small and con-
nected objects or images with no hyper-intense objects),
Furthermore, the second and the third feature were com-
puted by dividing the area of the LEC and the convex hull
respectively by the object area. This made them indepen-
dent of the first feature.

The fourth and the fifth feature differentiated the cysts
from other fluid-related conditions in the knee, such as knee
effusions — the cysts usually occur in the posterior side of
the knee. With the proposed skin segmentation procedure,
the LEC center was computed with regards to the actual
boundary of the knee — not the image (see Fig. 3d). This
made the procedure more general and reliable.

D. The classifier

Decision trees are among the most popular classification
algorithms in machine learning. They are easy to implement
and quick to train. Despite these advantages, the trees tend
to overfit data. This is a serious drawback, especially when
working with limited datasets. A natural extension to this
approach, which addresses this flaw, is Random Forest [21].
In this algorithm several decision trees are trained on differ-
ent subsets of the training dataset and the final classification
is based on majority vote. It is worth mentioning that, unlike
many classification algorithms, Random Forests do not re-
quire data preconditioning. This means that raw feature val-
ues can be used to train them and classify new samples.

In this study, Random Forest contained 10 decision trees,
based on Gini impurity. The depth of the tress was not lim-
ited. The classifier was implemented using Scikit-learn [22].
The training and the testing were performed with a 4-fold
cross validation, while the performance of the classifier was
measured with the following indicators:

Sen=TP/(TP+FN),
Spec=TN /(TN +FP), (5)
F,=2xTP/(2xTP+FN+FP),

where: Sen — the sensitivity, Spec — the specificity, F — the
F score (also referred to as balanced F-score), TP — the
number of true positive cases (the knee contains a cyst ready
for aspiration and is classified for aspiration), FP — the num-
ber of false positive cases (the knee does not contain a cyst
ready for aspiration and is classified for aspiration), 7N — the
number of true negative cases (the knee does not contain a
cyst ready for aspiration and is not classified for aspiration),
FN — the number of false negative cases (the knee contains a
cyst ready for aspiration and is not classified for aspiration).

III. RESULTS AND DISCUSSION

The training and test procedures were repeated 40 times
to factor in the effects of shuffling and oversampling. The
average and the best (based on the F1-score) results over the
40 runs were summarized in Table 1.

As seen in Table 1, the mean values of the performance
indicators were higher than 95.0%. Furthermore, the best
run achieved F; of 99.4 % and specificity of 100.0 %. This
proves that the proposed method is capable of classifying
the cysts for aspiration based on 2D MRI images. It is worth
mentioning, that this classification problem would be easier
with 3D MRI images. In three dimensions, the cyst can be
easily distinguished from veins and arteries based on its
spherical shape. Nevertheless, 3D MRI scanning can be time
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THE PERFORMANCE INDICATORS BASED ON THE 4() RUNS

P FP N FN Sen [%] Spec [%] F[%]
avg 88.6+ 3.0 2.0+ 3.0 94.0+2.8 4.1+3.8 95.6+4.2 97.8+3.4 96.7+£ 2.6
best 89 0 94 1 98.9 100.0 99.4
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Therefore, good performance using 2D slices can be seen as [7]1 T. Markiewicz et al., “Thresholding techniques for segmentation of
an advantage of the proposed procedure. athe.:rosclerotic pl'aque and l}lmen areas in vascular arteries,” Bull.
Currently, the procedure analyzes only the largest seg- ﬁ;g.s/l/ldf gg?;)rz?llb ?gig/bizgtsgzll 5?3(’)3?0' 1. pp. 269-280, 2015,
mented object in the knee (these objects were classified by [8] N. Otsu, “A Threshold Selection Method from Gray-Level
the surgeon and used to train/test the Random Forest). Nev- Histograms,” IEEE Trans. Syst. Man. Cybern., vol. 9, no. 1, pp. 62—
ertheless, in some rare cases the cyst may not be the largest 66, Jan.'1979, http://dx.doi.org/10.1109/TSMC.1979.4310076
d obi his i b ved by i ivel [9] . C. Jui-Cheng Yen, F. J. Fu-Juay Chang, and S. Shyang Chang, “A
segme.nte 0 JeCt'.T.IS 1Ssu¢ can be solve y lteratively new criterion for automatic multilevel thresholding,” IEEE Trans.
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http://dx.doi.org/10.1109/83.366472
IV. C [10] O. A. Pappalardo et al., “Mass-spring models for the simulation of
- \LONCLUSION mitral valve function: Looking for a trade-off between reliability and
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Was propqsed' The p rocedu're was compossad of two subrou [11] N. Chentanez et al., “Interactive Simulation of Surgical Needle
tines: the image preprocessing (coupled with feature extrac- Insertion and Steering,” ACM Trans. Graph., vol. 28, no. 3, 2009,
tion) and classification using Random Forests. The proce- http://dx.doi.org/10.1145/1531326.1531394 . ‘
dure was proven effective on a set 468 varied MRI images [12] G. J. Vrooijink, M. Abayazid, S. Patil, R. Alterovitz, and S. Misra,
. R X X : “Needle path planning and steering in a three-dimensional non-static
The images were obtained using three, different MRI se- environment using two-dimensional ultrasound images,” Int. J. Rob.
quences. Good performance using 2D slices can be seen as Res, vol. 33, mno. 10, pp. 1361-1374, Sep. 2014,
an advantage of the proposed procedure. This reduces the [13] ?{ttp:c// d:d","osrg/ (1}0'1!77/ %27§3649tlﬁ2i6i711 4 F. Cherist. “A
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