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Abstract

Background and Objectives: A radiologist’s work in detecting various injuries or pathologies from radiological scans can be
tiresome, time consuming and prone to errors. The field of computer-aided diagnosis aims to reduce these factors by introducing a
level of automation in the process. In this paper, we deal with the problem of detecting the presence of anterior cruciate ligament
(ACL) injury in a human knee. We examine the possibility of aiding the diagnosis process by building a decision-support model for
detecting the presence of milder ACL injuries (not requiring operative treatment) and complete ACL ruptures (requiring operative
treatment) from sagittal plane magnetic resonance (MR) volumes of human knees.
Methods: Histogram of oriented gradient (HOG) descriptors and gist descriptors are extracted from manually selected rectangular
regions of interest enveloping the wider cruciate ligament area. Performance of two machine-learning models is explored, coupled
with both feature extraction methods: support vector machine (SVM) and random forests model. Model generalisation properties
were determined by performing multiple iterations of stratified 10-fold cross validation whilst observing the area under the curve
(AUC) score.
Results: Sagittal plane knee joint MR data was retrospectively gathered at the Clinical Hospital Centre Rijeka, Croatia, from 2007
until 2014. Type of ACL injury was established in a double-blind fashion by comparing the retrospectively set diagnosis against the
prospective opinion of another radiologist. After clean up, the resulting dataset consisted of 917 usable labelled exam sequences of
left or right knees. Experimental results suggest that a linear-kernel SVM learned from HOG descriptors has the best generalisation
properties among the experimental models compared, having an area under the curve of 0.894 for the injury-detection problem and
0.943 for the complete-rupture-detection problem.
Conclusions: Although the problem of performing semi-automated ACL-injury diagnosis by observing knee-joint MR volumes
alone is a difficult one, experimental results suggest potential clinical application of computer-aided decision making, both for
detecting milder injuries and detecting complete ruptures.

Keywords: Anterior cruciate ligament (ACL) injury, Knee joint MRI, Feature extraction, Machine learning, Computer-aided
diagnosis

1. Introduction

Anterior cruciate ligament (ACL) is the most commonly in-
jured ligament in a human body, for which surgery is frequently
performed [1]. Although this type of knee injury is typical for
athletes, it can happen to anyone. Presence of an ACL injury is
usually determined by performing a magnetic resonance (MR)
scan of a knee joint and then visually inspecting the scan. This
analysis is usually performed by a radiologist who determines
the level of injury, i.e. whether the rupture is complete, par-
tial (or strained) or the ACL is not injured at all [2]. Poste-
rior cruciate ligament (PCL) injury is also possible, but less
frequent, because this ligament is wider and stronger than the
ACL. Cruciate ligament locations in a human knee are illus-
trated in Fig. 1. Representative sagittal-plane MR slices of sev-
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eral human knees, each with a different condition of the ACL,
are shown in Fig. 2.

Related to the above-mentioned problem, but also applica-
ble to various other problem types, physicians’ work in diag-
nosing various diseases and pathologies from medical imaging
can be time consuming, tiresome, expensive and prone to er-
rors. Computer-aided diagnoses (CAD) aims to reduce these
factors by assisting physicians in the interpretation of these im-
ages [3], mostly in the form of decision-support systems (i.e.
a computer intermediary that focuses on a suspicious region in
an image, prepares it for inspection, perhaps suggests some of
the more probable outcomes, and then lets the human expert
make a decision). Some of the more interesting problems en-
countered in CAD implementations are: 1) segmentation of a
region of interest, e.g. the exact space in a 2D or 3D image
occupied by a human organ, and 2) detection of anomalies in
a region of interest, e.g. detecting lesion presence or traces of
a pathology in that organ. Traditionally, for fully-automated or
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Figure 1: An illustration of a human right-knee joint area (left: posterior view,
right: side view), emphasising the cruciate ligament positions.

semi-automated segmentation, algorithms that perform well on
specific problem domains were developed. Nowadays, with the
development of good evaluation metrics for segmentation per-
formance, machine learning methods are more often used [4]
because of their ability to automatically search for new and bet-
ter models that optimise the chosen metric [5, 6].

Knee joint area was the focus of several CAD research ef-
forts, some of which are mentioned here. An automated method
for detection of knee meniscus tears from MR images was intro-
duced in [7]. An automated method for quantification of knee
osteoarthritis severity from CR (computed radiography) images
was described in [8]. A method of detection of osteoarthritis
from X-ray images was suggested in [9]. There is also men-
tion of successful knee joint cartilage segmentation implemen-
tations ([10, 11, 12], just to name a few). There have been re-
ports of other efforts too, but further from the proposed research
area or with less impact.

Although the scientific literature regarding the ACL injury
problem is abundant, none of the reported work deals with the
problem of (semi-)automated detection of this injury (from ra-
diological scans), regardless of methods and procedures used.
One probable reason for this is the obvious problem of acquir-
ing the data needed to perform this kind of research, i.e. a suffi-
cient quantity of image collections of adequate resolution (both
injured and healthy cases).

In this paper, we tackle the problem of building a predictive
model capable of automatically establishing whether an injury
of the ACL is present or not, simply by observing MRI data as
a radiologist would. We must stress out that the methods de-
scribed in this paper can be considered only semi automated,
because they require the use of extracted regions of interest
from MRI volumes. We examine two scenarios: (1) detect-
ing if any kind of ACL injury is observed and (2) detecting if
only a complete rupture is observed. The first scenario is use-
ful because it should enable building a decision-support model
for alerting a radiologist to a probable case of injury, if it were
observed in the MR scan given. If alerted, a radiologist would
then dedicate more of his/her time to examining the ACL area
in the scan, thus reducing the possibility of establishing an er-

(a)

(b)

(c)

Figure 2: Sagittal plane slices showing the scans of three example knees, each
having a different ACL diagnosis: (a) not injured, (b) partially injured, and (c)
completely ruptured. The area depicting the ACL is roughly bounded with a
red quadrilateral shape.
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roneous diagnosis. In spite of the fact that complete ACL rup-
tures (in contrast to partial injuries) are quite easily detected
using visual observation [2], one would also benefit from the
second scenario. Because complete ruptures frequently require
operative treatment, if such an injury were observed in the scan,
this could be used to notify the patient (and the hospital) of the
probable impending operative treatment, immediately. On the
other hand, if such an injury were not observed, then the patient
could be immediately dismissed.

We were interested in determining whether a clinically-
useful predictive model could be trained directly from gath-
ered labelled data using standard machine-learning algorithms.
Many machine-learning algorithms and models require per-
forming some kind of feature extraction when dealing with im-
ages. This is usually performed as a preprocessing step, prior
to learning, with a sole purpose of capturing the expressiveness
of the visual content by reducing problem dimensionality and
removing possible unimportant variation or noise. We explored
two popular feature-extraction methods: histogram of oriented
gradient (HOG) descriptors [13] and gist descriptors [14]. Fea-
ture extraction was performed on manually extracted ligament-
enveloping regions of interest volumes (ROIs) in the original
MR volumes. Transformed datasets were then paired with two
powerful machine-learning models: support vector machine
(SVM) [15] and random forests (RF) [16]. Detailed tests were
performed using different hyperparameter values. Experimen-
tal results on a large clinical dataset (917 cases) suggest possi-
ble clinical application, both for detection of partial injuries and
complete ruptures of the ACL.

This paper is organised as follows. In section II, data acquisi-
tion, parsing and the problems encountered are described in de-
tail, following the descriptions of the feature-engineering step
and the learning and testing steps. In section III, experimental
results are presented and interpreted and, finally, in section IV,
they are summarised.

2. Materials and methods

First, we describe in detail the data used for our research - its
origin, label extraction and volume transformation procedures.

2.1. Data
A total of 969 knee sagittal plane DICOM MR volumes in

12-bit grayscale were acquired from Clinical Hospital Centre
Rijeka picture archiving and communication system (PACS),
along with their respective assigned diagnoses. The volumes
were recorded between the year 2007 and 2014 using a Siemens
Avanto 1.5T MR scanner, and obtained by proton density
weighted fat suppression technique, having 0.56 mm in-plane
spacing (X and Y axes), 3 mm slice thickness and 3.6 mm
spacing between slices (Z axis). X and Y axes constitute a
high-resolution plane, whereas the view along the Z axis will
be relatively blurry and hold less information, depending on the
parameters. The Hospital has been using the described setup
as a standard for morphological assessment of a knee, along
with axial- and coronal-plane volumes (in some cases even us-
ing additional sequences, having different parameters). Similar

setups are mentioned as a standard for morphological and com-
positional assessment of knee cartilage [17]. At the Hospital, a
patient’s cruciate ligaments conditions are normally established
by observing only the sagittal plane volumes in proton density
weighted fat suppression technique, because they are the most
informative concerning this problem. Therefore, we decided to
concentrate our efforts only on those volumes.

From the acquired dataset, three volumes were discarded due
to data corruption, such as missing DICOM slices. Additional
22 volumes were discarded for containing abnormal physio-
logical characteristics, either portraying knees after ACL re-
construction or knees exhibiting severe stages of osteoarthritis,
leaving a total of 944 sequence volumes. Gathered valid vol-
umes varied in size from 290× 300× 21 to 320× 320× 60 with
median dimensions 320 × 320 × 32 (slice height × slice width
× number of slices) voxels. Voxel intensities of each distinct
volume were, therefore, represented by integer 3D matrices of
varying sizes. For the purpose of reducing the unwanted intra-
class variation, all MR volumes portraying right knees were
mirrored to resemble the volumes portraying left knees.

2.1.1. Labelling data
Each of the volumes in our dataset included a lengthy diag-

nosis from the PACS, concerning the physical state of the entire
knee joint area under inspection, e.g. in what condition were
the ligaments, menisci, bones, cartilage, and so on. This kind of
diagnosis is normally recorded by radiologists when perform-
ing an MR exam of the knee joint area. Each diagnosis was
established by one out of four different radiologists involved
in this study. Three of those were experienced radiologists -
consultants (their initials are D.M., D.V. and S.B.) and one was
a senior resident with experience in musculoskeletal radiology
(D.J.).

Recorded diagnoses concerning the ACL condition usually
differentiate the following states: 1) ACL is not injured, 2) ACL
is partially injured (partially ruptured or strained), and 3) ACL
is completely ruptured. We manually inspected all of the diag-
noses linked to distinct volumes and assigned them appropriate
labels. This was done under the supervision of a skilled radiol-
ogist (M.M.). Several examples of relevant diagnosis excerpts,
along with assigned labels, are displayed in Table 1. Most of
the diagnoses were additionally amended with a summarised
conclusion (e.g. “ACL partially ruptured”) from which we have
drawn our final labelling decisions, but in their absence we have
drawn our conclusions from the exhaustive descriptions (Ta-
ble 1). The following label distribution was established: 717
cases (≈ 76%) were originally labelled as non-injured, 182
(≈ 19%) as partially injured and 45 (≈ 5%) as completely rup-
tured.

After establishing labels from diagnoses, during visual in-
spection of given volumes we discovered a serious flaw in our
data extraction design, one that is inherent to radiology exams
of this type - uncertainty due to the lack of visually distinguish-
able characteristics for differentiating between some partially
injured cases (representing smaller partial lesions) and some of
those that are not injured at all (anatomical variations of nor-
mal conditions). The data we had at our disposal were abun-
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Table 1: Examples of some of the extracted diagnoses and our simple labelling principle. Quoted relevant diagnosis description excerpts were translated from
Croatian language. The diversity of the problems being analysed and the diagnosis variations depict a complex problem.

Diagnosis excerpt ACL condition

“Cruciate ligaments are followed in their continuity”
“. . . is of proper tone, characteristic signal”
“. . . is of proper tone and followed in its continuity”
“. . . somewhat thinned, but of proper tone and characteristic direction, without loss of continuity”
“. . . adequately low signal”

Not injured

“. . . not of characteristically low signal nor thick enough, although certain fasciculi are followed in continuity, but is somewhat
thinned on its proximal junction”
“. . . of a more heterogeneous signal, which can point to a partial distortion”
“. . . of a more irregular contour and of a more heterogeneous signal in its middle segment, which can point to a distortion”
“. . . heightened signal . . . in its distal junction and partially of irregular contour which fits a strain”
“. . . lesioned at its proximal segment”
“. . . shows chronic lesion in the middle third part, partial rupture”
“. . . thicker and for the most part of altered signal, in the sense of partial interstitial lesion”
“. . . more oedematous, which points to its strain”
“. . . of heightened signal, but kept continuity, which points to its strain”
“Part of the ligament laying on the tibial plateau, and only a part of the fasciculus is being directed towards the femoral
junction”

Partially injured

“. . . loss of continuity . . . ”
“Rupture of the ACL”
“ACL is of heightened signal and obscured in its middle part – rupture”
“ACL continuity is interrupted at the half of its length and is not followed on its proximal segment. . . complete rupture of the
ACL”
“. . . middle segment thicker and towards the proximal segment is not visualised, probably a complete rupture”
“. . . interrupted continuity at the proximal junction”
“. . . distal half grounded on the tibia floor, and thread rupture visible in its proximal part”

Completely rup-
tured

dant with such cases. For the most part, this refers to such
cases where the ACL: 1) is of physiological shape, but its en-
tire region is saturated with higher pixel intensities; 2) looks
thinned at one point (either proximal or distal), exhibiting a
wider higher pixel intensity region close to it; 3) exhibits a thin-
ning at any of its smaller portions, usually represented by a lack
of a low intensity region, and; 4) is of physiological shape, but
is not followed as a completely straight line – rather it looks a
bit curved. These visual characteristics are often attributed to
a strained or oedematous ligament, meaning partially injured.
On the other hand, they are also quite often completely ignored
by radiologists in establishing a diagnosis and stating that the
ligament is completely healthy [18]. The reason for this dis-
crepancy in establishing a diagnosis is rather simple. When in-
terpreting the MR scans, radiologists are often given additional
input regarding the condition of the patient at hand and the rea-
son why they are being examined (e.g. sports activity injury
or car crash injury), thus making their findings potentially bi-
ased, based on additional information. For example, if a patient
came to an emergency room from a basketball field, then the
radiologist would probably be biased towards concluding that
the ligament injury is present, even if the evidence is otherwise
inconclusive. Finally, there also exists a possibility of a radiol-
ogist making an error diagnosing an injury. The severity of this
problem is illustrated by a couple of examples shown in Fig. 3.
These examples are much harder to differentiate, as opposed to
those shown in Fig. 2 where intergroup differences are obvi-
ous to the naked eye. Introducing additional labels for dealing
with this problem was not an option because it would make the
problem of learning even harder. Same holds for introducing a

continuous scoring scheme in spite of the fact that designated
labels are inherently ordinal.

Ground truth regarding ligament injury type can only be de-
termined with invasive interventions, such as operation or au-
topsy. Patients who have not been diagnosed with complete
ruptures are seldom sent to the operating room, thus rendering
it impossible to confirm the majority of cases postoperatively.
We managed to obtain a confirmation that 25 out of 28 patients
who underwent a surgical operation of the knee at the Univer-
sity Orthopaedic Clinic Lovran were confirmed to have a com-
pletely ruptured ACL. The remaining 3 cases were postopera-
tively diagnosed as severe cases of partial ACL rupture. Postop-
erative confirmations of morphologically established diagnoses
were unfortunately not available for other cases. Therefore, we
had to ensure data labels were accurate enough only using vi-
sual inspection of the MR volumes. To accomplish this, we de-
cided to assign another experienced radiologist (M.M.) with a
task of diagnosing injuries from the observed 944 MR volumes,
assigning a label to each one (normal, partially injured or com-
pletely ruptured), blind to the original annotations and extracted
labels. This round of labelling was obviously somewhat biased
by the fact that the radiologist was familiar with the approxi-
mate distribution of the original labels. For each exam case,
we then compared the labels reflecting both diagnoses, and re-
tained only those cases where both radiologists agreed on the
diagnosis. This led to the exclusion of another 27 cases. Incon-
sistencies between the original labels and the newly assigned
ones are presented in Table 2. Majority of the inconsistencies
pertains to non injured and partially injured cases. Only one
instance, originally labelled as partially injured, was assigned
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 3: Several region of interest (ROI) sequences depicting non-injured
(a,b,c), and partially injured (d,e,f) ACL exam cases, labelled according to their
respective diagnoses extracted from the PACS. Notice the lack of sound distin-
guishable differences between the two groups. Ligament line shape is present in
both groups, pixel intensities vary in both groups (suggesting possible strains)
and texture differences are practically indistinguishable.

a fully-ruptured label and only one, originally labelled as fully
ruptured, was assigned a partially-injured label. After the ex-
clusions, final dataset used in our experiments consisted of 690
non-injured (≈ 75%), 172 partially injured (≈ 20%) and 55
completely ruptured (≈ 5%) cases.

We were interested in observing the potential of building
a model capable of detecting injured ACL cases (partially
and completely ruptured), differentiating them from normal
(healthy) cases. Presuming it were reasonably accurate, such a
model could be utilised to put forward an early warning, alert-

Table 2: Distribution of inconsistencies between the originally extracted labels
and the newly assigned ones, presented in a form of a confusion matrix.

Original extracted labels
NI1 PI2 CR3

Newly NI1 690 4 0
assigned PI2 21 172 1

labels CR3 0 1 55
1 NI = Not injured
2 PI = Partially injured
3 CR = Completely ruptured

ing a radiologist that an injury is probably present in the volume
under observation. Furthermore, both patients and hospitals
would also benefit from a model capable of automatically de-
tecting completely ruptured cases because this would give them
an immediate notice of the impending operative treatment. For
these reasons, we examine both scenarios in section 3.

2.1.2. Focusing on a region of interest
When a radiologist evaluates ACL condition from a recorded

volume, he/she first concentrates his/her efforts on locating a
smaller region of the entire volume using his/her prior knowl-
edge of sound morphological properties of the knee and then
focusing his/her vision on the details of this smaller region,
disregarding the rest. This rather intuitive procedure is mim-
icked here, as follows: a rectangular region of interest (ROI)
was manually extracted from each MR volume by a radiolo-
gist (M.M.) using visual inspection. This region was to envelop
a wider ACL area, as can be seen in a couple of examples in
Fig. 4. Although the ROIs were manually extracted here, we
speculate that equally good results could have been obtained by
using a reference (template) knee MRI volume, which can be
reasonably accurate at pinpointing the wider ACL area.

ROI selection can be automated by building a reference knee
MRI volume, from a selected subset of the training set [19].
One can rigidly register the subset of volumes and compute an
average volume afterwards, which can be further refined in a
second iteration of registration [20]. The bounding box of the
ROI on the template space can then be transformed to the space
of a given patient volume. However, the described procedure
has possible sources of error due to data registration process.
Location offsets in registration could result in two stages: both
in creation of the reference volume and in the second registra-
tion step, while estimating the parameters for transforming the
ROI from the reference volume to the given data space. Due
to potential errors in registration as well as its added computa-
tional costs, a semi-automated detection approach is adopted in
this work. Hence, the main focus of this paper is on automat-
ically detecting the ACL condition from a given ROI, which
implies a semi-automated detection system.

Extracted ROIs varied in size from 54×46×2 to 124×136×6,
having median dimensions 92×91×3 (slice height × slice width
× number of slices) voxels. All the ROIs were then rescaled us-
ing linear interpolation to fit one standard size, 90 × 90 × 3,
giving a total of 24300 intensity features. This rescaling led to
an obvious loss of distinguishing visual features in some cases.
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Figure 4: Manual extraction of a rectangular region of interest

It was empirically determined in later steps that this approach
was more efficient than the alternative lossless rescaling (crop-
ping/expanding the ROI). Next, we describe feature extraction
mechanisms used in our experiments.

2.2. Feature extraction techniques
Image volumes are represented as 3D arrays containing voxel

intensities. In this form, they cannot be directly handled by
most machine-learning algorithms because of the overwhelm-
ing number of features, as opposed to the number of observa-
tions. Instead, we preprocess the volumes to extract smaller
numbers of potentially useful features (descriptors) per ob-
served volume. We examine two popular feature extraction
techniques, namely histogram of oriented gradients and scene
spatial envelope descriptors. Both are described next.

2.2.1. Histogram of oriented gradient descriptor
Histogram of oriented gradient (HOG) feature descriptors are

nowadays commonly used for object detection in image pro-
cessing. Initially developed for improving human detection in
images [13], soon they were found to be equally convenient
in solving various other problems. Some of the more recent
uses of HOG descriptors in medical image analysis involve ver-
tebrae detection and labelling in lumbar (spine) MR images
[21], vocal folds detection on video laryngostroboscopy images
[22], breast cancer diagnosis from mammographic images [23],
prostate MR segmentation for prostate cancer diagnosis [24],
lung tissue classification from chest CT images [25], and di-
agnosis of tuberculosis from chest X-ray images [26]. HOG

descriptors are built by taking a non-linear function of image
edge orientations (gradient) in a dense grid and pooling into
smaller spatial regions with local contrast normalisation. The
combined image histograms from the patches form the new
representation. A visualisation of the calculated HOG descrip-
tors from several randomly chosen cases is portrayed in Fig. 5.
HOG descriptor representations are commonly used for learn-
ing linear-kernel support vector machine models for object de-
tection. These models are described in section 2.3.1.

2.2.2. Scene spatial envelope descriptor
Gist descriptor [14] represents holistic spatial scene proper-

ties (spatial envelope) of an image. It summarises gradient in-
formation on different spatial scales and orientations by split-
ting the image into a grid of cells on several scales, and con-
volving each cell using a Gabor filter bank from different per-
spectives. Calculated responses are then concatenated to form
the descriptor. It was first developed for the purpose of differen-
tiating between several types of environmental scenes [14], but
has since been applied to other problem domains also. Some of
the more notable and recent uses of gist in medical image analy-
sis involve automatic annotation of medical images concerning
modality, body orientation, body region and biological system
axes [27] and diagnosis of tuberculosis [26] and chest pathol-
ogy detection [28] from chest X-ray images. Unlike HOG, gist
is a global image descriptor. Therefore, we were interested
in observing how well this holistic semantic approach would
fare in the ACL detection problem domain. A visualisation of
gist descriptors is depicted in Fig. 5. Although originally used
with linear discriminant analysis for the purpose of categorising
scenes [14], gist descriptors can also be used for learning more
complex representations, if the underlying domain requires it.

2.3. Machine-learning techniques
Next, we describe two popular machine-learning classifi-

cation models for dealing with the calculated descriptors ex-
tracted from image volumes: support vector machine and ran-
dom forests model.

2.3.1. Support vector machine
Support vector machines (SVMs) [15] are one of the most

popular supervised learning techniques. SVM models are
learned from data by searching for a hyperplane in a high
dimensional feature space, which separates the classes, opti-
mising the generalisation bounds. A hyperplane optimising
this measure is calculated using sequential minimal optimisa-
tion (SMO) with L1 soft margin. If the classes are not lin-
early separable, non-linear kernels, such as polynomial kernels
(quadratic, cubic, and so on) or radial basis function (RBF) ker-
nels, can be used to implicitly transform the feature space. This
expansion simplifies hyperplane separation at the cost of over-
fitting the data. Regardless of the kernel used, if the data in the
transformed feature space, x, is not linearly separable, target
hyperplane parameters, (w, b), are estimated by minimising the
cost function

1
2
‖w‖2 + C

∑
i

ξi, (1)
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(a)

(b)

(c)

Figure 5: Visualisation of calculated feature descriptors for a randomly chosen
case of each class: (a) not injured, (b) partially injured, and (c) completely
ruptured. Left column depicts scaled 3-slice ROIs. Middle column depicts
a visualisation of calculated HOG descriptors for patch size 15 × 15. Right
column depicts a visualisation of calculated gist descriptors for a 4 × 4 grid of
blocks.

subject to the following soft constraints

yi[x>i w + b] ≥ 1 − ξi, (2)

ξ j ≥ 0, (3)

where yi ∈ {−1, 1} represents the label of the i-th instance, ξi

represents its respective slack variable (allowing misclassifica-
tion of the i-th instance) and C represents the box constraint.
Larger value of C incurs a larger penalty regarding the distance
from the separating hyperplane for misclassified instances in
the cost function, thus forcing stricter separation between labels
(also leading to model overfitting). On the other hand, smaller
value of C, closer to 0, produces models which allow more
misclassification by preferring simpler models. We refer the
reader to [29, 30] for additional information regarding SVMs.
There exist other boundary-optimisation algorithms, like twin
SVMs [31], which have been successfully adapted and applied
recently at solving brain MRI classification and pathology de-
tection problems [32, 33]. It is important to note that SVMs are
non-probabilistic binary classifiers. For the purpose of calcu-
lating the evaluation metrics, described in one of the following
sections, posterior probability transform function was estimated
from the scores and the labels, and then applied to the scores
[34].

In this paper, we explore using linear-kernel SVMs and RBF-
kernel SVMs. Time complexity of the SMO solver in both
cases is roughly equal to O(n3), where n is the number of in-
stances [35].

2.3.2. Random forests
Random forests (RF) model [16] is an ensemble of decision

trees that can be used for modelling both classification and re-
gression problems. Each decision tree forming an ensemble is
learned separately from a subset of instances, randomly sam-
pled from the entire dataset with replacement. When growing
a tree, each node split is determined by observing only a ran-
domly chosen subset of available features and selecting the one
giving the best split. This combination of bagging and random
feature subset selection ensures excellent generalisation proper-
ties of an RF model as the number of weak learners (unpruned
individual trees) becomes large. In our experiments, the num-
ber of features forming a subset equalled square root of the to-
tal number of features, and the number of instances forming a
data subset equalled the size of the dataset used for learning.
Trees were grown to their full sizes (i.e., no depth limit). Time
complexity of the algorithm for building an m-trees RF model
learned from n instances by observing d features roughly equals
O(mnd log n) [36].

Model performance evaluation metrics are described next.

2.4. Evaluation metrics
Ordinary scalar performance metrics, such as classification

accuracy, sensitivity and specificity, can often be misleading
when dealing with class-imbalanced data [37]. This is often
solved by carefully setting suitable cost-function hyperparame-
ters for cost-sensitive learning, tuning the function in such way
that it penalises wrong classification of minority class instances
more than it penalises wrong classification of majority class in-
stances. Because finding suitable cost-function hyperparame-
ters by hand can be quite exhausting, and bearing in mind that
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the above mentioned performance metrics are not as good in
describing the model strength, we decided to use their more
powerful graphical counterpart - the receiver operating char-
acteristic (ROC) curve. ROC curve is a graphical plot, com-
monly used for illustrating a model’s predictive power under
various discriminative threshold values [38]. It represents a re-
lationship between the true-positive rate (sensitivity), against
the false-positive rate (one minus specificity), at a given thresh-
old. Following the curve, a proper decision threshold can be
chosen by aligning the sensitivity/specificity trade-off, to reflect
the needs of the problem at hand [6]. In addition, we used the
area under the curve (AUC or AUROC) to get a quantitative
measurement of the robustness of the models learned.

Another important metric, often used for evaluating predic-
tive properties of models involving biomedical applications, is
the F1 score. It is calculated as a harmonic mean of precision
and sensitivity [36]. Bearing in mind that the data used in this
research was class imbalanced, we decided to observe those
values at different probabilistic thresholds, ranging from 0.05
to 0.95, using step size 0.05.

In our experiments, evaluation metrics were calculated using
stratified 10-fold cross-validation. Empirical performance was
calculated by averaging the results obtained using the learning
folds, whereas expected performance was calculated by aver-
aging the results obtained using the test folds. Both types of
performance were under inspection in order to keep track of
possible data underfitting or overfitting (bias-variance tradeoff)
in regard to the model used.

3. Results

Both feature extraction methods were paired with an
appropriate-kernel SVM model-learning algorithm and an RF
algorithm, thus producing a total of 4 independent experimen-
tal models whose names are self explanatory: HOG+linSVM,
HOG+RF, GIST+rbfSVM, GIST+RF. Other combinations of
described methods were investigated as well, but the results
were not reported here in detail due to the fact that they
had worse generalisation properties. E.g., using HOG de-
scriptors coupled with polynomial (HOG+polSVM) or RBF
(HOG+rbfSVM) kernels was prone to overfitting the SVM
model. Similarly, using gist descriptors coupled with linear
(GIST+linSVM) or polynomial (GIST+polSVM) kernels gave
results that were far worse than the ones reported here. This did
not come as a complete surprise because these combinations
were shown to perform somewhat worse in certain applications
[13, 39, 26]. Because the performance of a predictive model
built using an algorithm for learning from extracted features
was highly dependent on the choice of some hyperparameters,
several most important ones were varied, while others were left
as they were (default values used by certain tools or program-
ming libraries). Hyperparameter ranges and step sizes were es-
timated from experience in order to cover the most promising
scenarios, while retaining computational feasibility.

Prior to feature extraction, images were convolved by an
isotropic Gaussian kernel of σ = 1 to reduce noise. We ob-
served that better classifier performance was obtained for all of

the experimental models when using this filter, as opposed to
not using it. Convolving ROI slices with the Gaussian kernel
has a smoothing effect on the images, which can be observed as
a preprocessing step towards eliminating some of the unneeded
variation in the data, such that would be otherwise embodied in
the extracted descriptors, and possibly lead to overfitting. This
smoothing effect was proven to be beneficial for use with the
MRI volumes processed in this research. Model accuracy under
different values of σ was not inspected. To summarize the vol-
ume preprocessing steps, after the manual extraction of a ROI,
the extracted volume is first rescaled using linear interpolation
to size 90 × 90 × 3, then each volume slice is convolved sepa-
rately with an isotropic Gaussian kernel of σ = 1, following the
feature extraction phase which is described next.

HOG descriptors were extracted from ROI volume data us-
ing VLFeat [40], an open source library. For each of the vol-
ume slices, a separate descriptor vector was calculated using a
quadratic patch of a certain size, which was varied in the ex-
periments. Slice descriptor vectors were then concatenated to
form a HOG feature vector for the ROI volume. Length of the
resulting feature vector depended on the input patch size.

Gist descriptors were calculated using a set of tools provided
by [14]. Number of spatial scales and orientations was used as
suggested by [14], that is 4 spatial scales, each having 8 ori-
entations, thus resulting in using 32 Gabor filters without any
boundary extension. The only parameter that was varied was
the number of blocks used to determine the coarseness of the
descriptor (grid size). Gist descriptor was calculated for each
slice in a ROI volume separately, later concatenating them to
form ROI volume descriptors. Length of the resulting feature
vector depended on the number of blocks used.

As can be seen in Fig. 5, morphological properties of a ROI
under inspection are to some degree observable in certain seg-
ments of visualisations of the extracted features, both for HOG
and gist descriptors. In this example, inter-class differences are
the most visible when observing the middle slice only. When
observing a healthy ACL, the gradient in its nearest region
forms a feature visualisation in which one can clearly follow
the shape of the ligament. This shape is more obfuscated in
the partially-injured case, and is practically impossible to fol-
low in the completely-ruptured case. These characteristics were
exploited by the ML algorithms for differentiating between dif-
ferent clinical conditions. Although the differences between vi-
sualisations for the example depicted in Fig. 5 are easily distin-
guishable with the naked eye, this did not hold for a larger por-
tion of the used data. Therefore, ML algorithms were utilised
for finding a connection between the features and the observed
clinical outcomes.

SVM training and testing functions and the score-to-
posterior-probability transform function used for perform-
ing the experiments were ready-made commercial-software-
package-native functions1. RBF kernel was calculated using

1MATLAB 2015a, The MathWorks, Inc., Natick, Massachusetts, United
States
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the expression

K(x, x′) = exp
(
−
‖x − x′‖2

2σ2

)
, (4)

where σ = 1. Box constraint term, indirectly regulating the
maximum number of allowed support vectors was varied in
the experiments. RF training and testing functions used for
performing the experiments were also commercial-software-
package native. The seeds used were random. The number
of trees in an RF was varied. Other details concerning both
algorithm implementations are presented in section 2.3.1 and
section 2.3.2.

3.1. Evaluation of detector accuracy

For each distinct hyperparameter setup concerning each
of the 4 experimental models (HOG+linSVM, HOG+RF,
GIST+rbfSVM, GIST+RF) applied to both problems (detect-
ing either injured or completely ruptured cases), a full evalu-
ation was performed using stratified 10-fold cross-validation.
The results regarding the expected model performance were
then summarised and are presented in Fig. 6. Hyperparame-
ter ranges and values used can be interpreted from the plots.
Basically, each experimental model was observed under 24 dif-
ferent hyperparameter value pairs. It took around 100 hours to
perform these experiments on a computer having an I5 quad-
core processor, running at 3.2GHz clock frequency, and having
32GB of DDR3 RAM. Consequently, finer graining of hyper-
parameter values or increasing them in range was not feasible.
Nevertheless, reported results on expected AUC scores can be
used as reference for conducting further experiments (e.g., the
concavity and gradient of AUC surfaces depicted in Fig. 6). De-
tails regarding specific execution times for feature extraction,
learning and inferring is presented in Table 3. Descriptor ex-
traction and model training times can get quite large if feature
vectors are lengthy, especially when using RFs. On the other
hand, time for parsing and classifying a single instance is under
one second for all experimental scenarios.

After observing the estimated AUC values for different com-
binations of hyperparameter values in Fig. 6, most promising
choices were selected and were then used with their respective
experimental models, again by performing stratified 10-fold
cross-validation, but this time over 10 iterations of equal fold
random splits for all experimental models. Hyperparameter val-
ues used for performing each test, along with characteristics of
extracted feature vectors, calculated AUC score iteration mean
and standard deviation, are presented in Table 4. Related ROC
curves describing both empirical and expected performance are
shown in Fig. 7. For every experimental setup, each distinct
ROC curve plotted in Fig. 7 represents performance of 10 dis-
tinct models, one for each iteration. Relative differences in stan-
dard deviations reported in Table 4 can also be observed in this
plot. Finally, predictive properties of these models, observed
under different probabilistic thresholds, are reported in Fig. 8,
using F1 score and sensitivity.

Best peak generalisation performance in terms of the AUC
score was obtained using a linear-kernel SVM model trained

from extracted HOG descriptors. For the problem of dis-
criminating between injured-ACL cases and healthy-ACL cases
(left column in Fig. 6), the model achieved an expected AUC
of 0.894 using HOG patch size 10 × 10 and box constraint
0.01. Models for both smaller and larger patch sizes performed
worse, regardless of the box constraint value used. Using
smaller HOG patch sizes can be beneficial for describing lo-
cal morphological characteristics of the observed area in more
detail, but at the cost of overfitting the model. This is because
smaller patches also produce larger feature vectors, which lead
to the necessity for training more complex models, consist-
ing of larger numbers of parameters. Given an equal number
of input points (data instances), this can easily lead to over-
fitting. Comparable results were obtained using RF, where
the highest performance was recorded using an equally sized
HOG patch. Slightly worse results were obtained using RBF-
kernel SVMs for learning from gist descriptors extracted using
3 blocks. Although the number of features obtained this way
is rather small (only 864 features), it achieves good generali-
sation performance regardless of the box constraint value used
(Fig. 6). When using a larger number of blocks, which results in
many more extracted features, generalisation performance de-
teriorates rapidly due to overfitting. This is not the case when
using RF. In this scenario, best performance is achieved using
15 blocks. A multitude of weak learners in an RF model is,
therefore, obviously capable of generalising well when using a
lengthier feature vector (21600 extracted features).

For the problem of detecting completely ruptured ACL cases
only (right column in Fig. 6), best peak generalisation perfor-
mance was obtained using again a linear-kernel SVM model
trained from extracted HOG descriptors. Best model achieved
an expected AUC of 0.943 using HOG patch size 5 × 5 (re-
sulting in a larger number of features, compared to the previ-
ous scenario), having box constraint 1. Better generalisation
performance when using lengthier feature vectors (30132 ex-
tracted features) can be attributed to the smaller intra-class vari-
ations of fully-ruptured cases, compared to the larger intra-class
variations of normal, non-injured, cases. These differences in
variations can be easily observed when manually inspecting the
ROIs. Another factor, leading us to conclude that intra-class
variations present in the fully-ruptured cases are smaller, is the
fact that the role of the box constraint value used for training
a discriminative model is relatively insignificant. Finally, re-
ducing HOG patch size leads to a smaller deterioration in AUC
score. Slightly worse generalisation performance is obtained
using the RF model, using HOG descriptors having patch size
15× 15 (3348 extracted features). For models learned from gist
descriptors, peak generalisation AUC scores were both well be-
low the ones obtained using HOG features. When observing the
columns in Fig. 6, comparable performance characteristics can
be observed for both, in regard to the hyperparameter values
chosen.

Experimental results on the F1 score and sensitivity, which
can be observed in Fig. 8, are consistent with the conclusions
drawn so far. A sensitivity of 90% or more can only be achieved
by using a rather small decision threshold (between ≈ 0.05 and
≈ 0.15), greatly favouring the minority class, but at the ob-
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Table 3: Code execution times for descriptor extraction (entire dataset), unit descriptor extraction (only for one instance), model learning from the entire dataset
and unit inference (only for one instance), measured in seconds. Hyperparameter values used are presented in Table 4. Computer configuration: I5-4460 quad core
processor, running at clock frequency 3.2GHz; 32GB of DDR3 RAM.

Experimental model Descriptor extraction Unit descriptor extraction Model learning Unit inference Detection problem
HOG+linSVM 1.89925 0.00207 0.63236 0.00066 Injured

2.35348 0.00256 1.89528 0.00262 Completely ruptured
HOG+RF 1.89650 0.00207 158.36788 0.04427 Injured

1.85817 0.00203 72.39095 0.02894 Completely ruptured
GIST+rbfSVM 95.83711 0.10451 0.04398 0.00004 Injured

96.44974 0.10517 0.02592 0.00002 Completely ruptured
GIST+RF 806.42644 0.87941 380.25262 0.09604 Injured

809.67757 0.88296 376.60347 0.10781 Completely ruptured

Table 4: Comparison of all distinct experimental models performing under most promising hyperparameter values for both detection problems. HOG and gist
hyperparameter values are supplemented with their respective numbers of resulting extracted features. AUC score means and standard deviations calculated from
multiple iterations are presented. Best performing results (comparing experimental models) for each detection problem are emphasised.

Experimental model Hyperparameter values Score Detection problem
HOG patch size / Gist #blocks / SVM box constraint RF #trees AUC σ(AUC)

#features #features
HOG+linSVM 10 / 7533 - 0.01 - 0.894 0.002 Injured

5 / 30132 - 1 - 0.943 0.004 Completely ruptured
HOG+RF 10 / 7533 - - 2000 0.884 0.002 Injured

15 / 3348 - - 2000 0.937 0.003 Completely ruptured
GIST+rbfSVM - 3 / 864 1 - 0.889 0.001 Injured

- 3 / 864 0.1 - 0.913 0.008 Completely ruptured
GIST+RF - 15 /21600 - 2000 0.880 0.001 Injured

- 15 / 21600 - 2000 0.895 0.003 Completely ruptured

vious expense of a greatly diminished specificity. Sensitivity-
specificity tradeoffs can be observed by inspecting the F1 score
in the graphs. Again, the best results for both prediction prob-
lems (highest average and particular F1 scores) are achieved
using linear-kernel SVMs learned from HOG descriptors.

As was expected, for both detection problems, RF mod-
els having best performance were ensembles consisting of the
largest number of trees used (2000). They were also the most
time demanding for learning.

3.2. Influence of ROI selection on overall detector accuracy

Next, we were interested in observing the influence of the
ROI selection phase on the ACL-condition detection phase.
This is important for two reasons. First, this analysis gives us
some idea on the possibility of presence of involuntarily intro-
duced bias during the ROI extraction phase. Seeing that ROIs
were extracted by a skilled radiologist, there exists a possibility
that ROI position or shape is somewhat affected by the observed
ACL condition. Second, this analysis gives us a rough estimate
on the needed properties of an algorithm for determining the ex-
act ROI position. This is an important step towards constructing
a fully-automated CAD detection system.

The influence of ROI selection on detector accuracy is mea-
sured by introducing a certain amount of error in the original
ROI selection, and then calculating the AUC score. The data
is corrupted by randomly expanding or contracting and shifting
the ROI area along the sagittal plane. Specifically, in our imple-
mentation, starting and ending coordinates along the axes X and
Y were modified by a percentage of their respective distances,
multiplied by a number sampled from uniform distribution U,
e.g., x1 = x1 + (x2− x1) · p ·U(−1, 1), where p equals 0.03, 0.05

or 0.1 (3%, 5%, or 10%). The experiment is conducted by gen-
erating multiple instances of partially corrupted input datasets,
learning and evaluating detector models from each dataset inde-
pendently, using 10-fold cross validation, and then comparing
the calculated means against the results reported in Table 4. Hy-
perparameter values used for performing this experiment are,
again, equivalent to those presented in Table 4. The results are
presented in Table 5. Our experiment did not include introduc-
ing noise along the third axis (Z) because the resolution along
that axis is rather small (median value is 3 slices). To introduce
an error along this axis, e.g. shifting the ROI by only one slice
in either direction, would render the learned detector model al-
most useless.

Although a performance drop in terms of detector AUC is ev-
ident, it is rather small. Therefore, we can assume that slightly
worse performance can be expected when ROIs are not op-
timally selected. For the problem of discriminating between
injured-ACL cases and healthy-ACL cases, experimental mod-
els involving the use of SVMs have the smallest performance
deterioration at 10% corruption (from ≈ 1.7% to ≈ 2.1% drop
in AUC). For the problem of detecting completely ruptured
cases, smallest performance deterioration at 10% corruption
was observed for the RBF-kernel SVM, learned from gist de-
scriptors (≈ 3.3% drop in AUC). Regardless of relatively larger
performance deterioration, linear-kernel SVMs learned from
HOG descriptors retain the highest AUC scores for both classi-
fication scenarios.

We believe that these results are influenced largely by the
fact that suboptimal choice of a ROI introduces more unneces-
sary variation into the data, causing a negative change in classi-
fier AUC. Furthermore, seeing that the change in AUC is rather
small, we can assume that the ROI selection phase was not bi-
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(a) HOG+linSVM

(b) HOG+RF

(c) GIST+rbfSVM

(d) GIST+RF

Figure 6: A linear interpolation of the expected AUC scores for the following experimental models: HOG+linSVM, HOG+RF, GIST+rbfSVM, and GIST+RF.
Line intersections in the grids represent calculated AUC values. Column on the left represents the problem of detecting injured cases (partially injured or completely
ruptured). Column on the right represents the problem of detecting completely ruptured cases only. Hyperparameter values that were under consideration can be
interpreted from the plots.
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(a) HOG+linSVM

(b) HOG+RF

(c) GIST+rbfSVM

(d) GIST+RF

Figure 7: Expected ROC curves for the following experimental models: HOG+linSVM, HOG+RF, GIST+rbfSVM, and GIST+RF. Column on the left represents
the problem of detecting injured cases (partially injured or completely ruptured). Column on the right represents the problem of detecting completely ruptured cases
only. Expected ROC curves are presented using blue solid lines, whereas empirical ROC curves are presented using red dotted lines. Hyperparameter values used
for each setup are stated in Table 4. Results were obtained in 10 iterations of stratified 10-fold cross-validation.
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(a) HOG+linSVM

(b) HOG+RF

(c) GIST+rbfSVM

(d) GIST+RF

Figure 8: Calculated F1 score and sensitivity values for different probability boundaries (decision thresholds), corresponding to the results presented in Fig. 7, based
on the experimental setup described in Table 4: HOG+linSVM, HOG+RF, GIST+rbfSVM, and GIST+RF. Column on the left represents the problem of detecting
injured cases (partially injured or completely ruptured). Column on the right represents the problem of detecting completely ruptured cases only.
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Table 5: Influence of ROI selection on overall detector accuracy. Sagittal plane ROI coordinates are varied by 3%, 5% or 10%, relative to the ROI size of a distinct
axis. The third axis is not varied, due to the small number of slices used. All distinct experimental models performing under the most promising hyperparameter
values (Table 4) for both detection problems are compared. AUC score means and standard deviations calculated from multiple iterations are presented. Best
performing results (comparing experimental models) for each detection problem are emphasised.

Experimental model Origin Variation level introduced Relative AUC change Detection problem
3% 5% 10% 3% 5% 10%

AUC AUC σ(AUC) AUC σ(AUC) AUC σ(AUC)
HOG+linSVM 0.894 0.891 0.002 0.885 0.003 0.875 0.006 -0.298 -0.969 -2.088 Injured

0.943 0.938 0.005 0.927 0.006 0.903 0.017 -0.495 -1.661 -4.242 Completely ruptured
HOG+RF 0.884 0.878 0.002 0.879 0.001 0.858 0.004 -0.641 -0.566 -2.941 Injured

0.937 0.933 0.002 0.922 0.006 0.892 0.009 -0.427 -1.636 -4.838 Completely ruptured
GIST+rbfSVM 0.889 0.887 0.001 0.882 0.004 0.874 0.002 -0.262 -0.750 -1.687 Injured

0.913 0.910 0.005 0.911 0.005 0.888 0.009 -0.292 -0.219 -2.738 Completely ruptured
GIST+RF 0.880 0.876 0.002 0.871 0.006 0.849 0.009 -0.492 -1.023 -3.561 Injured

0.895 0.883 0.004 0.862 0.002 0.823 0.014 -1.378 -3.724 -8.045 Completely ruptured

ased with the observed ACL condition, thus the data used in
these experiments is plausible. If ROI selection was even more
corrupted, classifier performance would surely degrade even
further. It would be interesting to observe whether a different
choice of hyperparameters, e.g. using a smaller box constraint,
would improve the experimental results.

4. Discussion and conclusion

Computer-aided diagnosis, with its ability to advise medical
specialists in their decision-making process, plays an impor-
tant role in today’s world. Decision-support models have often
in the past been created by manual assembly of prior specialist
knowledge, but are nowadays more often constructed or learned
directly from existing data. Help with decision making is of
paramount importance especially when the amount of informa-
tion that needs to be considered for establishing a diagnosis is
large, e.g. recognising objects in an obfuscated image. This is
often the case when analysing radiology images.

One of such cases is the thorough analysis of a human knee
from MRI, which takes into account the condition of ligaments,
menisci, cartilage, bones, and so on. Anterior cruciate ligament
is the most commonly injured ligament in the human body. A
decision-support system that is able to differentiate between
normal and injured ACLs would aid in establishing diagnosis
and preventing human errors. Same goes for the problem of de-
tecting completely ruptured ACLs, which could be used as an
early warning system for both patients and hospitals, notifying
them of an impending operative treatment, thus allowing them
to immediately plan ahead.

In this paper, we present in detail the possibilities and the
difficulties encountered regarding constructing an ACL-injury
classification model for semi-automated diagnosis from knee
MRI data. We also discuss the feasibility of building a fully-
automated system through an automated selection of the ROI
boundaries, based on a priorly constructed reference volume.
We study the problem of differentiating between healthy and
injured knees as well as the problem of detecting only com-
pletely ruptured cases (regarding the ACL condition). We treat
these problems as separate binary classification problems in-
stead of a single 3-class classification problem, because of the
inherent imbalanced distribution present in the data, follow-

ing the need for utilising binary-class performance measures.
We compare two feature extraction techniques, paired with two
popular machine-learning models. Linear-kernel SVM models
used for performing supervised learning from HOG descriptors
achieved the best performance in terms of the AUC score. Ex-
perimental results suggest that this method has clinical poten-
tial for differentiating complete ACL tears (AUC=0.943) from
other cases. All of the experimental models used in this work
can be considered suitable for real-time CAD, because the in-
ference algorithm execution times are just under one second,
using a standard desktop computer. The performance decreases
when differentiating between the non-injured and the remain-
ing cases (AUC=0.894). This is largely due to the fact that
many of the partially-injured cases are rather hard to distinguish
from the non-injured ones in the available data, even by an ex-
pert radiologist [18]. Although we demonstrate that both HOG
and scene-spatial-envelope descriptors have excellent proper-
ties in this application, the question is whether they were able
to fully delineate the representation needed for such discrim-
ination. However, the results reported in this work constitute
a good starting point for the challenging computer-aided ACL
injury detection problem.

Acknowledgment

This research was funded by The Scientific & Technologi-
cal Research Council Of Turkey (TÜBİTAK 2221 Programme),
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