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I. I NTRODUCTION

Abstract—Computer aided diagnosis (CAD) in medical imaging is of growing interest in recent years. Our proposed CAD
system aims to enhance diagnosis and prognosis of traumatic
brain injury (TBI) patients with hematomas. Hematoma caused
by blood vessel rupture is the major lesion in TBI cases and
is usually assessed using head computed tomography (CT).
In our CAD system, we segment the hematoma region from
each slice of a CT series, extract features from the hematoma
segments, and automatically classify the hematoma types using
machine learning methods. We propose two sets of shape based
features for each segmented hematoma region. The ﬁrst set
contains primitive features describing the overall shape of a
hematoma region. The features in the second set are based on
the dissimilarities of the shapes of hematoma regions measured
by geodesic distances. After feature extraction, we classify the
hematoma regions into three types–epidural hematoma, subdural hematoma, and intracerebral hematoma, using random
forest. Each tree of the random forest votes one class for
each hematoma, and the random forest takes the class label
with the majority votes for the hematoma. As hematomas are
volumetric in nature, some hematomas are observed across
several consecutive slices in the same CT series. For each class,
we add the votes from each hematoma slice that comprises the
volumetric hematoma in that class, then we take the class with
the majority of the summed votes as the class label for that
volumetric hematoma. The overall classiﬁcation accuracies for
hematoma region from each CT slice are 80.7%, 81.3%, and
81.1% using primitive features only, geodesic distance features
only, or both sets of features, respectively. For volumetric
hematoma classiﬁcation, the overall accuracies are 80.9%,
81.5%, and 81.5% respectively. The results are promising
to radiologists and neurosurgeons specialized in this ﬁeld of
research.

As medical images are proliferating ever faster in hospitals and medical institutions nowadays, medical image processing, abnormality detection, and computer aided diagnosis
have become popular research topics. For traumatic brain
injury (TBI), head computed tomography (CT) is a vital tool
for the assessment and remains the investigation of choice,
due both to the ease of monitoring of injured patients and
the better demonstration of fresh bleeding and bony injury
[1]. A blow to the skull results in compression injury to the
adjacent brain and stretching on the opposite side; this may
result in contusion, shearing injuries and rupture of intraaxial or extra-axial vessels, leading to hematoma, which is
a major lesion in TBI cases. In this paper, we focus our
computer aided diagnosis (CAD) system on the following
types of hematomas: extradural hematoma (EDH), subdural
hematoma (SDH), and intracerebral hematoma (ICH). An
EDH occurs when there is a rupture of a blood vessel,
usually an artery, which then bleeds into the space between
the “dura mater” and the skull. The expanding hematoma
strips the dura from the skull; this attachment is quite
strong such that the hematoma is conﬁned, giving rise to its
characteristic biconvex shape as shown in Figure 3 (a) and
(d). Epidural hematoma is seen in 2.7% to 4% of TBI and
has an overall mortality of 10% [2].ICHs are often small and
visible at the grey/white matter interface as shown in Figure
3 (c) and (f). They are due to a shearing injury with rupture
of small intracerebral vessels, and in a comatose patient with
no other obvious cause they imply a severe diffuse brain
injury with a poor prognosis. An SDH arises between the
dura and arachnoid, often from ruptured veins crossing this
potential space. The space enlarges as the brain atrophies
and so SDHs are more common in the elderly. The blood
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is of high attenuation, but may spread more widely in the
subdural space, with a crescentic appearance as shown in
Figure 3 (b) and (e). SDH is seen in 12% to 29% of severe
TBI and and has a mortality rate of 40% to 60% [2].
As different types of hematomas have different impact
on the brain and cause different injury severity levels with
different prognosis, it is crucial to classify the hematoma
into the correct type once the hematoma is detected in
the CT. Since symptoms could develop rapidly with the
artery bleeding, it is important to analyze the hematoma
as soon as the CT scan is available. However, experts like
radiologists and neurologists are scarce resources and are
often “shared” by several hospitals and medical institutions.
They may not be readily available when a TBI patient
arrives and takes the CT scans. The delay in the CT and
hematoma analysis will also delay the decision making of
patient treatment and may affect the patient’s prognosis.
Computerized automatic CT analysis could help to alleviate
this problem. Hematoma auto-detection and classiﬁcation
from newly acquired head CT scans can issue alarms and
priorities severe cases so that radiologists may be called
in sooner. The automatic classiﬁcation can also serve as a
reference to the professionals. In addition to the real time
application, our system can also be applied to the large
databases in the hospitals, where head CT images of TBI
patients can then be labeled pathologically by hematoma
types and medical professionals can search and retrieve these
valuable cases easily and efﬁciently.
The framework for our system consists of several parts:
image preprocessing including hematoma segmentation, feature extraction for hematoma region, training the hematoma
type classiﬁcation model using random forest algorithm [3],
and evaluating the trained model on separate test set. As
the color intensity for different types of hematomas are
very close in CT scans, we will focus on ﬁnding distinctive
shape features to discriminate the hematomas. As the causes
and forming mechanisms of hematomas are different, the
bleedings are conﬁned in different spaces in the brain
(EDH between skull and dura matter, SDH between dura
matter and arachnoid, ICH within brain parenchyma). The
hematoma shapes are thus different because of the conﬁned
boundaries. In this paper, we propose two sets of shapebased features. Firstly we extract primitive shape features
(such as the major and minor axis of the hematoma region)
and use random forest for hematoma classiﬁcation. Secondly
we use boundary features in micro scope–the boundary is
sampled so that it consists of a set of directed vectors.
To compare the dissimilarity of two shapes, the geodesic
distance between the two sets of vectors representing the
two boundaries is computed. Then we consider each row
in the distance matrix as a feature vector for the hematoma
region. Compared to previous work in this area, our work is
the ﬁrst to investigate hematoma shape features in depth. We
are also the ﬁrst to present a large region-based and manually
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labeled data set for automatic hematoma classiﬁcation and
evaluation.
II. R ELATED W ORK
As an earlier research work in the area of brain CT
image annotation and classiﬁcation, Cosic and Longaric [4]
proposed a rule-based approach to the labeling of CT head
images containing ICH. They partitioned the original image
into a number of spatially localized regions of same color
intensity using fuzzy clustering algorithm. Then they crafted
a list of rules to label the image regions as background,
brain, skull, hematoma, and calciﬁcation. Because the rules
are manually created, their system lacks ﬂexibility when
adapting to future needs. Experimental results are not reported.
Liao et al. [5] obtained 48 brain CT images and also classify them into EDH, SDH, and ICH. After they segmented
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the hematoma region from the image, they extracted the
shape features of the hematoma region and constructed a
decision tree based on the features. The features included
long axe (LA) and short axe (SH) of the hematoma region,
the depth of points LA1 and LA2, D(LA1), D(LA2), their
sum D(LA1)+D(LA2), the number of blocks in the larger
and smaller halves on each side of the long axis, the
percentage of the smaller half. A decision tree is then built
for classiﬁcation. As they used all 48 images for training,
evaluation result on a separate testing data set is not reported.
Gong et al. extracted hematoma features and did automatic classiﬁcation using explicitly labeled image corpus [6]
and implicitly labeled image corpus [7], [8] respectively.
The ﬁrst approach [6] also used major/minor axes and etc.
as shape features. Due to errors caused in the preceding
image preprocessing and segmentation steps, over 90% of
the training regions were actually not hematomas, which
resulted a highly imbalanced training corpus. As the training
and testing corpus (35 images in total) is too small, the
classiﬁcation results could not be well validated. In the
second approach [7], [8], hematoma type information was
extracted from the radiology reports and were used to label
the hematoma regions in the associated images. However,
as the information extraction from text and the mapping
of hematomas mentioned in the textual report and in the
images produced errors, the automatically labeled data set
was “weak” and cannot serve as a golden standard for
evaluation.

(a) original

(b) skull removal

(c) cupping artifact removal
Figure 2.

(d) hematoma segmentation

Brain CT image preprocessing steps

III. M ETHODS
We use the methods described in [9] for image preprocessing and hematoma region segmentation. Figure 2 (a) shows
an example brain CT image oftraumatic brain injury. First
we remove the skull area from the image to keep only the
brain content inside the skull. The skull is segmented by
thresholding; and if the scanning device is also captured in
the image, we remove those regions by thresholding as well.
We ﬁll the “hole” of the skull and construct a intracranial
region map. We overlap it with the original image to get the
actual intracranial region. The image after this step is shown
in Figure 2 (b).
The gray level of the brain content adjacent to the skull
sometimes causes the unexpected high intensities of those
brain area adjacent to the skull due to less attenuation of
X-rays. In most cases, they appear whiter than they ought
to be. This is called “cupping effect” [10] in CT imaging.
We use the method described in [11] to remove the cupping
artifacts and the image after this step is shown in Figure 2
(c). Then we reduce noise and automatically set a threshold
to segment the hematoma regions as shown in Figure 2 (d).
Figure 3 illustrates some examples of original brain CT
images and the segmented hematoma regions. After image
preprocessing, we extract shape features for each segmented
hematoma regions for hematoma type classiﬁcation.

(a) EDH image

(b) ICH image

(c) SDH image

(d) EDH segment

(e) ICH segment

(f) SDH segment

Figure 3. Original brain CT images (a–c); and segmented regions (d–f)
of hematoma examples

A. Primitive shape features
The primitive shape features give us the overall idea how
the region looks like in general. Figure 4 illustrates the
primitive features for some example EDH, ICH and SDH
regions. The details of these features are as below:
• The Area of the hematoma region
• Length of the major axis of the ﬁtting ellipse
• Length of the minor axis of the ﬁtting ellipse
• Length of the bounding box (parallel to major axis)
• Width of the bounding box (parallel to minor axis)
• Ratio of minor axis to bounding box width
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•
•

Extent: Ratio of hematoma area to bounding box area
Eccentricity: Ratio of the distance between the foci of
the ﬁtting ellipse and major axis length

(a) EDH

(b) ICH

segmentation. If we polygonize the rugged boundary directly, the resulting polygon may contain the noise and cannot
represent the boundary well. In order to use polygon to
represent each hematoma boundary well, we ﬁrst need to
smooth the boundary to get rid of the rugged noise. We
use a Gaussian kernel for smoothing. For each boundary
pixel with coordinates (xi , yi ), we slide a window of width
w pixels to ﬁnd its smoothed value (k(xi ), k(yi )) from its
neighbors and the Gaussian kernel. For the x coordinates, let
xi be at the center of the sliding window, and the boundary
pixels within the window range are from xi−w to xi+w . We
obtain the weights of the data point and all its neighbors
from the Gaussian kernel as λi−w , . . . , λi , . . . , λi+w , whose
sum of the weights is 1, i.e.:

(c) SDH

Figure 4. Black: original hematoma boundary; blue: ﬁtting ellipse, its
major/minor axes and the foci; red: bounding box.

a=i+w


The area of the hematoma region in each slice of the CT
scan could be a useful feature as the sizes of EDH, SDH,
and ICH are often different. SDH is usually extensive and
occupies larger space in the brain, whereas ICH is more
conﬁned and usually smaller in size. Major and minor axis
lengths of the ﬁtting ellipse of a hematoma region could be
good shape indicators. As SDH is usually crescent shaped
and large in size, it would have a longer major axis compared
to EDH and ICH. Compared to our previous work in [6], we
improved the bounding box features so that the bounding
box is best ﬁt to the hematoma region by keeping the
bounding box length/width parallel to the major/minor axis.
The ratio of the bounding box width to minor axis length,
and the feature “extent” which is the ratio of hematoma
area to the bounding box area could be good indicators of
the convexity of the hematoma shape. We can see from the
examples that SDH would have smaller values for these
two features as compared to EDH and ICH. Eccentricity
which is the ratio of the distance between the foci of the
ﬁtting ellipse and major axis length is good at measuring
the roundness of the ﬁtting ellipse and also the hematoma
region. Hematomas like SDH and EDH can be ﬁtted with
elongated ellipse having a larger eccentricity, whereas ICH
which is usually ﬁtted with less elongated ellipse that has a
small eccentricity value. After the features are extracted, we
use random forest [3] for hematoma type classiﬁcation.

λa = 1.

(1)

a=i−w

The smoothed boundary k(xi ) can be calculated using
Equation 2. The smoothed boundary k(yi ) for y coordinates
can also be calculated in the same way.
k(xi ) =

a=i+w


λa x a .

(2)

a=i−w

Figure 5 shows the smoothing results of the three
hematoma examples used in Figure 3 and 4.

(a) EDH

(b) ICH

(c) SDH

Figure 5. Hematoma boundary smoothing using Gaussian kernel. Gray:
original hematoma region; blue: smoothed boundary.

2) Polygonization: After smoothing, we represent the
hematoma shape using a polygon. Each side of the polygon
must be of the same length. We ﬁrst estimate the perimeter
p of the shape by summing up the point-wise Euclidian
distance of the smoothed curve. For a smoothed curve
consisting of N points, the perimeter p can be approximated
using Equation 3.

B. Geodesic distance features
For the second set of features, we focus on discriminating
different hematoma boundaries by looking at subtle differences in their shape [12]. To do this, we ﬁrst smooth the
hemaotma boundary and approximate each boundary with
a polygon with n edges. Then we compute the geodesic
distance between each pair of hematomas and generate a
distance matrix. We consider each row in the distance matrix
as one feature vector for the hematoma region. We then use
random forest for training and testing.
1) Smoothing: As seen in hematoma examples in Figure
3, the boundary of the hematoma is usually rugged after

p=

N 


(xi+1 − xi )2 + (yi+1 − yi )2 .

(3)

i=1

where (xi , yi ) and (xi+1 , yi+1 ) denote the coordinates of
two adjacent boundary pixels. As the smoothed hematoma
boundary is a closed loop, the ﬁrst point (x1 , y1 ) will also
be the same point as (xN +1 , yN +1 ). A polygon of k sides is
formed by joining k equally spaced points on the perimeter
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p. We choose k such that it represents the perimeter p
with sufﬁcient accuracy, too small k values will not be
able to capture the shape information of the hematoma.
However, too many line segments will over represent the
shape and lose generality. This is shown in Figure 6, where
the boundaries of a hematoma represented by polygons of
different number of line segments. As we can see from
the ﬁgure, choosing the right number of line segments
is important for hematoma shape representation and later
comparison and classiﬁcation.

(c)

Figure 6.
Hematoma boundary represented by polygon with 10 line
segments (a), 20 line segments (b) and 40 line segments (c). Gray: original
hematoma region; blue: smoothed boundary; red: polygon approximation.

3) Geodesic distance computation: To enforce scale invariance, all of the edges are constrained to have the same
length. Each discretized shape can then be viewed as a vector
in R2n or, alternatively, a sequence of n vectors in R2 ,
each with a unit length. The collection of discretized shapes
together with the scale constraint and the closure constraint
(the sequence of n vectors must be oriented such that when
lined up, the tail vector meets the ﬁrst vector) form what is
known as a shape manifold (Figure 7) [13].

hematoma 5

1
2
3
4
5

hematoma 4

hematoma
hematoma
hematoma
hematoma
hematoma
...

hematoma 3

Table I
G EODESIC DISTANCE MATRIX . E ACH ROW ALSO SERVES AS A FEATURE
VECTOR FOR A 2D HEMATOMA .
hematoma 2

(b)

hematoma 1

(a)

We consider this shape manifold so as to restrict the
class of shapes studied (e.g. shapes which are not closed
curves are not considered) and also to factor out extraneous
differences in the boundaries due to position and size. Hence,
a better measure of similarity or dissimilarity between two
shapes can be obtained by computing the shortest distance
between them on the shape manifold. To do so, we employ a path-straightening algorithm [13]. The algorithm ﬁrst
initializes a random path between the two shapes and then
searches for the minimal-energy path by gradient descent as
demonstrated in Figure 7. The length of this minimal energy
path is then the geodesic distance between the shapes. In
addition, we also employ an algorithm to ﬁnd the optimal
(one that minimizes the geodesic distance) rotation between
the shapes. Thus, we also account for rotational invariance
when computing the geodesic distance.
4) Classiﬁcation: For each of the hematomas segmented
in our data set, we compute its geodesic distance to all
other hematomas using the methods we described previously. Part of the resulting pair-wise distance matrix of
the hematoma shapes is shown in Table I. Each row also
serves as a feature vector for the hematoma in which each
distance between that hematoma and other hematoma shapes
is considered as one feature for that hematoma shape.
For example, the feature vector for hematoma 1 will be
< 0, 1.70, 1.38, 1.15, 2.01, . . . >. Although the construction
of the feature vector of each hematoma depends on the
permutation of the samples in the training set. The order
of training samples will not affect the feature space as
the geodesic distance represents the pairwise distance with
another hematoma. Based on these feature vectors, we use
random forest [3] to classify each hematoma.

0
1.70
1.38
1.15
2.01
...

1.70
0
0.86
0.73
2.14
...

1.38
0.86
0
1.02
1.96
...

1.15
0.73
1.02
0
1.84
...

2.01
2.14
1.96 . . .
1.84
0
...

...
...
...
...
...
...

As a hematoma of large volume may be observed in
several consecutive images, we need to classify the volumetric hematomas as well. For example, the large SDH
shown in Figure 8 is observed across multiple consecutive
images in the same study. Suppose a volumetric hematoma
consists of n 2D hematomas (slices), we use weighted
voting of the n 2D hematoma classiﬁcation results to predict
the 3D volumetric hematoma class. After 2D hematoma

Figure 7. Discretized shapes and geodesic distance on shape manifold.
Point A and B on the shape manifold represent the polygon approximations
of the hematoma shapes A and B. A random path between point A and B
was initialized on the shape manifold. After some iterations of search for
minimum energy path using gradient descent, an optimal path between A
and B was found with minimum geodesic distance.
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classiﬁcation using random forest, each tree in the random
forest assigns a 2D hematoma si with one class label and it
is recorded that the tree has voted the hematoma for class
c, where c ∈ {EDH, ICH, SDH}. As the random forest
consists of many independent trees, the normalized votes for
the slices of a volumetric hematoma are recorded in a table
shown in Table II. We sum the normalized votes for each
class and for all the slices, then the volumetric hematoma
is assigned with the class label that has the highest summed
votes (Equation 4).
Table II
N ORMALIZED VOTES BY RANDOM FOREST FOR EACH 2D

in each fold, and then we use 10 fold cross validation
to evaluate the classiﬁcation results using primitive shape
features, geodesic distance features, or both. The overall
weighted accuracy is deﬁned as the classiﬁcation accuracy
of all the hematoma regions.
For primitive shape features, major axis length and extent
are the most useful features in terms of information gain;
whereas area is the least useful feature. We use random
forest with 100 trees for classiﬁcation. Each tree is constructed from a random selection of 3 features. The 10 fold
cross validation results using only primitive shape features
on the 1314 2D hematoma regions are shown in Table III.
The overall weighted accuracy is 80.7%. If the hematoma
is large enough to be observed across multiple consecutive
images, we classify its 2D segments in each of the images
and label the overall 3D volumetric hematoma with weighted
votes of the 2D segment types. The overall 10 fold cross
validation results using only primitive shape features on the
178 volumetric hematomas are also shown in Table III. The
overall weighted accuracy is 80.9%.

SLICE IN A

VOLUMETRIC HEMATOMA

slice 1
slice 2
slice 3
...
slice i
...
slice n

EDH
0.27
0.60
0.90
...

vi,EDH
...
vn,EDH

ICH
0.28
0.12
0.08
...

SDH
0.45
0.28
0.02
...

vi,ICH
...
vn,ICH

c = argmaxc

n


vi,SDH
...
vn,SDH

vi,c

Table III
E VALUATION RESULTS OF HEMATOMA CLASSIFICATION USING
PRIMITIVE FEATURES ( IN %)

(4)

i=1

precision
recall
F score

1314 2D hematoma
segments
EDH
ICH
SDH
79.7
66.5
85.6
73.5
70.3
88.3
76.5
68.4
86.9

178 volumetric
hematomas
EDH
ICH
SDH
83.0
75.6
82.5
75.9
79.1
85.7
79.3
77.3
84.1

For geodesic distance features, we also use 10 fold cross
validation for evaluation. In order not to include any information from the testing fold in the training, we separated
the part of features whose hematoma IDs are included in
testing fold and did not use this part of feature for both
training and test. The feature vector of each hematoma is
then reduced by removing those dimensions corresponding
to the hematoma IDs in testing fold. So the geodesic features
for the training data are constructed by using the geodesic
features for all training data. For example, if referring to
Table I, suppose hematoma 1,2 and 3 are used for training,
and hematoma 4 and 5 are used for testing, then the feature
vector for hematoma 1,2 and 3 are as follows:

Figure 8. An SDH of large volume is observed across multiple consecutive
images in the same study

IV. E XPERIMENT
We obtained 150 traumatic brain injury studies from National Neuroscience Institute (NNI), Singapore. Each study
consists of a series of CT images. For the 150 studies, 178
volumetric hematomas are manually labeled (some studies
contain multiple hematomas), among which 58 are EDH, 77
are SDH, and 43 are ICH. As 160 volumetric hematomas
are observed in several consecutive images, 1314 such 2D
hematoma regions with 423 EDH, 682 SDH, and 209 ICH
are observed in 1260 different images from the 150 studies.
Our feature extraction is based on the 1314 2D hematoma
regions. We divide the 178 volumetric hematomas into 10
folds such that each class has a balanced representation

hematoma1 →< 0, 1.70, 1.38, . . . >
hematoma2 →< 1.70, 0, 0.86, . . . >
hematoma3 →< 1.38, 0.86, 0, . . . >
Our geodesic features from the testing data are constructed
by using the geodesic distance between the training and
testing data, which is illustrated as follows:
hematoma4 →< 1.15, 0.73, 1.02, . . . >
hematoma5 →< 2.01, 2.14, 1.96, . . . >
We tried to use 10, 20, 30, 40, and 50 vectors to represent
each hematoma boundary. From our experiments, we found
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that hematoma boundaries represented by polygons of 20
line segments gave the best classiﬁcation result. The 10
fold cross validation results using only the geodesic distance
features on the 1314 2D hematoma segments and 178
volumetric hematomas are shown in Table IV. The overall
weighted accuracies are 81.3% and 81.5% respectively.

V. C ONCLUSION
In this paper we propose two sets of shape features for
hematoma classiﬁcation in brain CT images. The advantages
of our ﬁrst set of features is that the primitive shape features
give a general description of the shapes of each hematoma
type and they are easily interpretable to humans. Using
discretized vector shape representation and geodesic distance
on manifold, the second set of features has the advantage of
classifying many different complex shapes that are difﬁcult
to be described using the features in the ﬁrst set. The second
feature set using geodesic distances also has the potential to
be applied to classifying more different hematoma types as
well as other regions of interest in medical images. It can
further be used for shape-based hematoma retrieval, in which
the user inputs an image query and system will return a list
of hematoma images ranked by shape similarities according
to the geodesic distance on shape manifold.
The evaluation result of our methods measured by precision, recall and F score is promising to the radiologists
and neurosurgeons in NNI. With our methods, computer aid
diagnosis system can be constructed in hospital emergency
departments. Pathology based image retrieval system can
also be built using the classiﬁcation of unlabeled images in
hospital database using our trained models. Then the users
will be able to search brain CT images more efﬁciently and
conveniently by pathological labels or by hematoma shapes,
compare images of the same pathology, and review past
cases according to hematoma types.

Table IV
E VALUATION RESULTS OF HEMATOMA CLASSIFICATION USING
DISTANCE FEATURES ( IN %)

precision
recall
F score

1314 2D hematoma
segments
EDH
ICH
SDH
81.7
67.6
85.2
77.1
68.9
87.7
79.3
68.2
86.4

178 volumetric
hematomas
EDH
ICH
SDH
84.3
75.6
82.9
74.1
79.1
88.3
78.9
77.3
85.5

We also tried to use both primitive shape features and
geodesic distance features for hematoma classiﬁcation. For
each 2D hematoma region, we union the primitive shape
feature vector and the geodesic distance feature vector to
form a combined feature vector for that 2D hematoma
region. We then use random forest for training and testing.
The 10 fold cross validation results using the combined
features on the 1314 2D hematoma segments and 178
volumetric hematomas are shown in Table V. The overall
weighted accuracies are 81.1% and 81.5% respectively.
Table V
E VALUATION RESULTS OF HEMATOMA CLASSIFICATION USING BOTH
PRIMITIVE AND DISTANCE FEATURES ( IN %)

precision
recall
F score

1314 2D hematoma
segments
EDH
ICH
SDH
81.5
66.4
85.4
77.1
69.9
87.0
79.2
68.1
86.2

178 volumetric
hematomas
EDH
ICH
SDH
85.7
76.1
81.9
72.4
81.4
88.3
78.5
78.7
85.0
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From Table III and IV, we can see that SDH is better
classiﬁed than EDH and ICH for both sets of features
because most SDHs have distinctive crescent shape and
there are more SDH cases in the data set. Using geodesic
distance features (IV), the F scores (the harmonic mean of
precision and recall) of EDH classiﬁcation is better than
classiﬁcation using primary features alone. As the shape of
ICH is usually more irregular compared to the crescent SDH
and lens-shaped EDH, the classiﬁcation of 2D ICH is not as
good as EDH and SDH using either of the feature set. For
primary features, they do not pick up adequate information
from ICH compared to EDH and SDH; and some ICHs are
closer to some EDHs or SDHs than other ICHs in geodesic
distance on shape manifold. As the volumetric hematoma’s
label is determined by the weighted vote of the 2D segments
that comprise the volumetric hematoma, the classiﬁcation
results on the volumetric hematomas are generally better
than the 2D segment classiﬁcation for EDH and ICH, where
the accuracies for SDH do not change much.
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