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ABSTRACT Convolutional Neural Networks are being increasingly applied to the detection of anomalies
in Computed Tomographies (CTs). The goal of this paper is to implement an automated Computer-Aided
Detection (CADe) system for spinal lesions using CTs and Convolutional Neural Networks pre-trained on
commercial datasets. The proposed pipeline works as follows. The CADe takes in input CT scans and is
equipped with an intuitive GUI to allow physicians to use it as a support tool for diagnoses. From the
CT scans, the CADe selects volumes containing the vertebrae and extracts 2D slices of these volumes.
These slices are pre-processed and then analyzed using a VGG19 Convolutional Neural Network and a
tailored, binary classifier. The neural network identifies healthy vertebrae and vertebrae containing lesions
(e.g. metastases, primary tumors, lytic and sclerotic lesions). For training and testing purposes, we generated
a dataset from CTs of vertebrae from patients treated at IRCCS Rizzoli Orthopaedics Institute of Bologna,
Italy, between 2009 and 2019. Both healthy and lesioned vertebrae retrieved with different tomography
machines and setups are considered. The dataset has been enlarged using data augmentation techniques
and subsequently used to train a wide range of deep learning models. We perform an in-depth benchmark
study to assess the performance of the considered classifier against different Convolutional Neural Networks
pre-trained on the ImageNet dataset and exploiting Transfer Learning techniques. Leveraging Transfer
Learning techniques, we reached 93.43% accuracy and a recall of 92.99%.

INDEX TERMS CT scan, deep learning, lesion detection, neural networks, spinal lesions, transfer learning.

I. INTRODUCTION
Computer Aided Detection (CADe) techniques for the
analysis of medical images have been rapidly growing
in both importance and sophistication, see, e.g., [1] and
references therein. Diagnostic tools can be life-saving,
especially when dealing with extensive exams such as
Computed Tomographies (CTs) that include a substantial
section of the patient’s body and require great attention from
medical staff. In recent times, there has been a growing
attention for automated diagnosis tools stemming from
Artificial Intelligence. Important techniques to elaborate
CTs, MRIs, ultrasound, and radiographs are Convolutional
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Neural Networks (CNNs). These networks proved to be
excellently reliable for image analysis, reaching the state of
the art for several medical tasks such as disease detection and
classification in the spinal column. Detection and diagnosis
of pathologies such as spinal metastases (i.e. tumors that
have origin in organs and then extend to other locations)
represent a critical task to be accomplished. Spinal metastases
are indeed very frequent. It is estimated that 50% to 70%
of cancer patients have bone metastases [2]. However, when
dealing with spine tumors, diagnosis through 3D imaging
(e.g. CT or MRI) is way more delicate, due to the complexity
of the vertebral body and the considerable number of slices
to examine. Thereby, the development of a fully automated
method for the detection of pathological features represents a
timely challenge. In this paper, we consider the development
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of an automated detection system that detects possible
abnormalities in vertebrae, leveraging deep transfer learning
methodologies. The proposed tool automatically extracts
slices of the vertebral body and detects possible anomalies.
The system is equipped with a graphical interface to ease its
usage as a support tool for diagnoses.

A. RELATED WORK
Deep learning methodologies have shown promising results
in cancer detection, segmentation, and classification, see,
e.g., the recent survey [3]. Examples of the different
cases of study to which deep learning has been applied
include the detection, segmentation, and classification of
breast cancer [4], lung cancer [5], brain tumors [6], [7],
skin lesion [8], liver tumor [9], [10], and musculoskeletal
disesases [11]. Studies about viral and bacterial pneumonia
detection from X-rays were made [12]. Latest research
focuses on COVID-19 detection from thoracic CT scans [13],
[14], [15]. These works consider different imaging problems,
in which the inputs come from CT scans [5], [9], [10],
[13], [14], [15], X-Rays [12], MRI [6], [7], or RGB
images [8]. These methods use open-source networks like,
e.g., UNet [16] and SegNet [17] suitably modified. When
dealing with small datasets like in medical applications,
training can be a difficult task. For this reason, one of
the latest approaches is Transfer Learning, i.e. the practice
of using state-of-the-art networks that have already been
trained from huge datasets and then transferring the achieved
knowledge to another domain. Inspired by these approaches,
in this paper, we consider the development of a deep-learning-
based CADe system for spine lesions in CT scans. Focusing
on the spine, a considerable amount of studies regard the
identification of the vertebral body volume, see, e.g., the
work in [18]. In these works, the goal is to identify and
label vertebrae, rather than classify eventual diseases. Several
works focus on scoliosis and spondylolisthesis detection and
classification, see the survey [19], and the recent works [20],
[21], [22]. Differently from our work, these approaches do
not focus on vertebral lesions. Moreover, papers in [21] and
[22] consider X-Ray images, and the work [20] considers
ultrasound data. On the other hand, we consider CT scans.
As for the segmentation of intervertebral disks, authors
in [23] propose a harmonization approach based on GANs.
Differently from our approach, they do not consider lesion
classification. Moreover, their method is tailored for MRI
images. Lumbar diseases are instead considered in [24].
Similarly to our method, authors propose a classification
scheme based on VGG networks. However, they mainly
focus on MRI images and do not consider vertebral lesions.
A grading system for intervertebral disk degeneration is
proposed in [25]. Similarly to the work in [24], authors do
not consider vertebral lesions, and their approach is tailored
for MRI images.

As regards spine tumors, the attention is entirely on spine
metastases. Several works consider deep learning models
for the detection of abnormalities in the spinal column.

In [26], authors propose a study of the performances of
a Faster R-CNN network on MRI images. In [27] authors
exploit Siamese networks to detect spine metastases from
MRI images. Despite the high performance, the slices have
to be manually extracted from the MRI sequences. In [28]
MRIs are exploited to label vertebrae and detect the presence
of tumors. However, only 2D slices from the sagittal plane
are considered, making small or non-centered tumors hard to
detect. As regards spine metastasis segmentation, [29], [30]
use the UNet neural network on MRI images. Differently
from these approaches, in this paper, we consider instead an
automatic tool to detect spinal lesions from CT scans rather
than MRIs. Also, the proposed methodology does not require
manual annotations.

As for deep learning methodologies for detection in CT
scans, authors in [31] propose an unbalanced UNet for
labeling and segmentation of vertebrae, without a particular
focus on abnormalities. The work in [32] proposes a pipeline
based on a region of interest detector and a multi-modal
classifier for spinal metastases. Differently from our work,
the paper focuses on metastatic epidural spinal cord com-
pression. In [33] instead, authors propose a diagnosis method
for benign and malignant vertebral fractures leveraging the
ResNet50 network. Differently from our proposed scheme,
the pipeline is based on sagittal scans and requires human
intervention to select a first region of interest. In [34],
authors exploit a CNN to implement a spinal metastasis
‘‘hybrid’’ detection-segmentation tool from CT scans. This
fully automatic detection system showed good results, even
though tests were made on patients with a high amount
of metastases, while no control (i.e., healthy) patients were
considered. In our work instead, we consider both healthy
and non-healthy vertebrae. In [35], the focus is on CT for the
segmentation of metastases frommanually extracted volumes
of interest. Our methodology instead does not require manual
extractions. Authors in [36] consider a detection system based
on a CNN for lytic spinal lesions. Differently from our
approach, authors here consider only lytic lesions. Moreover,
they do not propose a CADe tool to automatize the diagnosis
process. As for CADe systems for automated detection of
metastases, in [37] authors develop an iterative approach,
based on random forests, for the detection and classification
of metastatic lesions in sagittal scans. The results have good
sensitivity, but a large number of false positives. Detection
(and segmentation) of sclerotic metastases is also addressed
in [38] from CT exams of the thoracolumbar section of the
spine exploiting a watershed algorithm. Authors in [39] build
a cascade system including the pipeline in [38] and an ad-hoc
CNN trained on CIFAR-10. In our pipeline instead, we do not
rely on external CADe systems, and the detection is based on
a state-of-the-art CNN pre-trained on a larger dataset.

B. CONTRIBUTIONS
The main contributions can be summarized as follows:

• we develop a CADe system for automatic extraction and
detection of abnormalities in vertebrae;
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• we develop a Graphical User Interface to make the
CADe available to the medical staff;

• we benchmark the proposed methodology against
existing methods in literature and other state-of-the-art
networks.

More in detail, we develop a CADe (Computer-Aided
Detection) system that automatically extracts vertebrae from
CT scans and detects possible abnormalities to be further
evaluated by the medical staff. We conceptualize and
implement a system to automatize the steps for the lesion
detection process by providing utilities for the extraction of
the vertebrae from CTs and their subsequent analysis. The
developed detection tool turns out to be robust with respect
to different tomography machines and setups. In addition,
the detection is not only focused on metastases but also
on primary tumors (chordomas, aggressive hemangiomas)
and lesions (either lytic or sclerotic), i.e., cases from our
dataset required a biopsy to determine the nature of the lesion.
The detection system, based on a VGG19 Convolutional
Neural Network for binary classification, predicts whether
the considered slices contain abnormalities (i.e. lesions)
and give a confidence index of the prediction. To train
and test the CADe, we selected 256 vertebrae, from a
large group of CT scans performed on a continuous series
of 105 patients with bone lesions (either primitive or
metastatic) or affected by degenerative condition of the
spine treated at IRCCS Rizzoli Orthopaedics Institute (IOR)
of Bologna, Italy, between 2009 and 2019. We excluded
patients with spinal internal fixation and vertebrae from the
cervical tract. The study was approved by the local Ethical
Committee (CE-AVEC 867/2021/Oss/IOR). We benchmark
the chosen CNN against other state-of-the-art CNNs, i.e.,
VGG-16 [40], Inception V3 [41] and ResNet 50 [42].
Moreover, we benchmark the proposed method against
other methods in the literature. The considered approach
outperforms the other in all the considered metrics. The
study highlights excellent performance when implementing
Transfer Learning techniques, both in computation time
and accuracy, and shows that VGG-19 is the most suitable
network for our task. Finally, we developed a Graphical
User Interface (GUI) that allows radiologists and other
medical staff to adopt the developed toolbox through simple
operations. The paper unfolds as follows. Data description
and preliminaries on spinal lesions and CT are provided in
Section II. In Section III, we present the developed system
and its Graphical User Interface. In Section IV, we provide
details about the dataset preprocessing and data augmentation
techniques employed in the algorithm. Training, test, and
benchmark results for the proposed CADe are discussed in
Section V.

II. DATA DESCRIPTION AND PREPROCESSING
A. SPINAL LESIONS
Spine tumors are classified into two categories, depending
on their nature. Primary tumors originate directly in the
spine or its adjacent tissues while secondary ones, also called

metastases, derive from previously existing tumors located
in organs. The first ones have an unknown incidence due
to their rarity and asymptomatic nature, even though some
estimates have been done concerning hemangiomas [2] (the
most common primary tumors of the spine) resulting in an
11% to 14% incidence. On the other hand, metastases are very
frequent, accounting for 97% of spine tumors with respect to
primary ones. The latter occurs in 50-70% of patients with
previous cancers. Statistics are different when considering
breast cancer, which alone accounts for 85% of occurrence
of bone metastases. Spinal lesions that characterize tumors
can be often distinguished as lytic if they involve bone degra-
dation and sclerotic (or blastic) when an abnormal increase
in bone density can be appreciated. Sometimes lesions are
mixed, involving both lytic and sclerotic behaviors. The
frequency of metastases also depends on the location inside
the spine. Indeed, the most frequent locations are thoracic and
thoracolumbar tracts (70%), while the lumbar one together
with the sacrum hosts on average 20% of metastases. The
cervical spine is a less recurrent candidate location.

B. COMPUTED TOMOGRAPHIES FOR SPINE TUMORS
Computed Tomography is an advanced and precise technique,
that exploits a narrow beam of X-rays that rotates around
the patient to reconstruct a 3-plane view of the body. Each
full rotation of the beam generates a slice, namely a section
of the body with a certain thickness (or depth, representing
the spacing between slices). The resulting slices compose a
volume whose units are called voxels (the 3D counterpart of
pixels). Each voxel has a value that is directly proportional
to the density of the represented tissue. In particular, the
scanner measures the attenuation coefficient µ of the X-ray
beam after it has pierced the body tissues. The intensity of
the corresponding voxel is measured in Hounsfield Units
(HU) which is a transformation scale of µ. The relationship
between HU values and the attenuation coefficient is HU =

1000 ·
µ−µwater

µwater−µair
, where µwater is the radiodensity of water

and µair is the radiodensity of air at standard pressure and
temperature. This quantity is computed by the scanner and the
output values are typically in the range [−1000, 3000]. The
slices are captured and stacked in one anatomical projection,
usually axial (or transverse) but also in the sagittal one. Then,
through Multi-Planar Reconstruction (MPR) techniques, the
other two views are recreated by processing the slices.
Modern software allows for a complete 3-dimensional
reconstruction. The CTs used in this work were stored in the
Rizzoli Institute’s database. In particular, we used CT scans
from 105 patients from 2009 to 2019. Among the different
CTs, the 40% contains metastases. About the 43% of CTs
instead contains other lesions such as, e.g., osteolytic lesions,
benign lesions, and chordoma. The remaining 17% instead
does not contain any lesions. Male and female patients are
equally distributed, and different ranges of age have been
considered. About 28% of the patients have been examined
via CT-guided ago-biopsies, 21% whole-body scans while
the remaining data come from lumbar or thoracic CTs.
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FIGURE 1. Illustration of the framework for automated detection.

Multiple vertebrae for each patient have been used. Thus,
the dataset contains equally distributed L1 to L5 and T1
to T12 vertebra. In the proposed system, it is necessary to
specify the center coordinates of each vertebra in the CT.
For simplicity, we assume that they are already provided by
using an automated state-of-the-art technique for localizing
vertebrae from CTs [18], [43]. Coordinates are given with
respect to the extracted CT volume, corresponding to the i-th
slice for each dimension. Each tuple (Xi, Yi, Zi, label) refers
to the center of the vertebra under consideration. Annotations
are saved in JSON format, where X corresponds to the
coronal view of the CT, Y to the sagittal view, and Z to the
transverse one. The label entry identifies the vertebrae.

III. COMPUTER-AIDED DIAGNOSIS SYSTEM VIA
CONVOLUTIONAL NEURAL NETWORKS
In this section, we describe the main components of the
proposed CADe. The goal of the proposed system is to
alert the medical staff if an anomaly is found in the CT
scans. To this end, as detailed in Section IV, we trained
a binary classification network that can distinguish if there
is an anomaly in the scan. This methodology requires in
general less training data with respect to, e.g., a multi-
class classification network. As we show in Section V, the
proposed system achieves high performance in this task.

A. ALGORITHM STRUCTURE
In this work, we develop a CADe system for automatic
analysis of vertebrae from CTs to highlight the presence of
abnormalities (i.e. tumors and lesions of other nature) within
the vertebral body. To achieve this objective, we propose a
comprehensive methodology outlined in Algorithm 1, with
a graphical sketch provided in Figure 1. We now explain in
detail the main steps of the algorithm.

Initialization: First, the whole volume composing the CT
scan is taken into account for the desired patient. Then,
the coordinates of the centers of the vertebrae are found
(e.g., using the approach in [18], [43]). At this point, each
Volume Of Interest (VOI) containing a single vertebra is

extracted from the scan. The size of each VOI is computed
using CT metadata, in particular leveraging image spacing
information. This approach makes the system adaptable
to various CTs and setups of the scanner (we considered
whole-body, thoracic, abdominal CTs and CT-guided ago-
biopsies from several machines with different resolutions
and settings). The transverse slices composing the VOI are
adequately processed to improve the contrast and fit the input
size of the detector.

Start detection: Once the slices of the VOI are processed,
the CNN classifies them individually, associating to each
image xi a prediction p(xi) ∈ [0, 1] corresponding to the
probability of xi being abnormal. Then, a threshold set at
0.5 is applied. Predictions above this value are labeled as
positive (i.e. abnormal), while predictions below this value
are labeled as normal. The considered CNN is the VGG19
neural network, with a suitable set of output layers for binary
classification. In particular, it consists of 16 convolutional
layers and 5 MaxPool layers, 1 Global Average Pooling layer
and 1 dense layer with sigmoid activation function, and takes
in input 224 × 224 images. As for the Convolutional layers,
the total number of parameters is 20024384. We refer the
reader to [40] for the shape of each layer. The Global Average
Pooling returns a vector of size 512. The Dense layer has
instead 513 parameters and returns a scalar value in [0, 1].
We refer the reader to Section V for more details on the
performance of this network.

Output: The CADe finally generates a list of the extracted
vertebrae, associated with the predictions of the slices
composing the VOIs. At this point, classification results are
available for further analysis.

B. GRAPHICAL USER INTERFACE
We now provide a detailed overview of the Graphical User
Interface (GUI), developed to allow easy access to the
automated detection system and the training utilities.

The GUI is made using theDearPyGUI Python library, and
new CT can be imported using the NIfTI format. We refer
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TABLE 1. Automated detection of lesions.

FIGURE 2. Main window of the graphical user interface.

the reader to Section IV-A for more details on this format.
The GUI (Figure 2) includes several utilities. First, it allows
visualization of the patient database within a given directory
and creates annotation files for the vertebral coordinates. The
features are divided into twomain branches, i.e. detection and
training process. The first one manages the lesion detection
system and provides the visualization of the VGG-19 network
predictions for a given patient. The second branch grants easy
access to the training utilities. Indeed, the VOIs are extracted
automatically, while the slices composing the volumes can
be easily classified to create the ground truth. The totality of
slices composes the training set. Then, a widely customizable
data augmentation utility allows to improve and extend the
set of slices. Training can be personalized through several
parameters (e.g. the number of epochs or the optimizer’s
settings), including the ones for additional fine-tuning.

The main window is composed of three tabs, respectively
to manage the patient database, for coordinate insertion, and
finally to select the desired task, either training or detection.
Patients are found automatically in the selected database,
together with the type of exam that was found (‘‘AG’’ for
CT-guided ago-biopsies, ‘‘F’’ for whole-body CTs, and ‘‘LS’’
for thoracic or lumbar CTs). The ‘‘Coordinates found’’
column states whether a coordinate annotation file was found

for the respective patient. Once selected, the vertebrae which
are already inserted are visible in a dedicated list.

After selecting the desired patient on the left side of the
main window, new vertebrae coordinates can be inserted by
pressing the ‘‘Edit coordinates’’ button. A popupwindowwill
show up. Here, the coordinates of the vertebra under consider-
ation can be adjusted by three sliders, one for each dimension
of the volume. Coordinates are automatically saved in JSON
format in the same directory of the patient’s CT.

The system for lesion detection is managed in the ‘‘Task
selection’’ tab. Here, vertebrae are extracted from the CT of
the previously selected patient. The size of the VOI (i.e. the
dimension of the vertebra volume) can be adjusted if needed.
In addition, the slice threshold for which vertebrae aremarked
as normal or abnormal can be tuned. After pressing the
‘‘Start’’ button, the neural network (i.e. the VGG-19) will
evaluate all the slices for each vertebra. The progress can
be followed through a status bar, together with informative
messages.

Once the system has finished the classification, results
can be seen by pressing ‘‘View results’’. Thus, a new popup
window will open. The results window is composed of three
sections. On the left, a list of the evaluated vertebrae can
be seen, together with their respective diagnosis. Abnormal
vertebrae are given a red ‘‘LESION’’ label, while normal
vertebrae an ‘‘OK’’ (green if zero slices are marked as
abnormal, orange if there are abnormal slices, yet under the
selected threshold). On the central tab, the selected vertebra
is shown in detail (through a median view of the sagittal
projection). Their disposition corresponds to their location
on the transverse plane. The probability of the predictions is
represented in grayscale by a bar contiguous to the rectangles.
A slider allows one to select a particular slice for a deeper
inspection. Indeed, the slice appears on the right tab, followed
by its predicted class and a confidence score. This score is
computed as follows; for a slice z that results abnormal, the
confidence corresponds to the output σ (z) of the sigmoid.
Similarly, the confidence for normal slices is equal to 1−σ (z).
The training tab is composed of three sections reflecting

the necessary steps for the training process. To perform a
new training, the slices must be extracted from the VOIs
first and then manually labeled to generate a dataset with
the associated ground truth. The ‘‘Slice labeling’’ section
is delegated to this step. Then, the ‘‘Data augmentation’’
tab allows to improve and extend the dataset through
customizable random transformations. Finally, the training
process is set and started in the ‘‘Training setup’’ section.

In the slice classification tab, a custom VOI size can be
selected for extraction of the vertebrae, together with the clip
parameter for contrast enhancement. The vertebrae that are
still unlabeled are visible in a simple list. Then, the button
‘‘Classify selected’’ opens the slice labeling utility popup.
Here, amosaic view of the extracted slices for a given vertebra
is listed. Slices can be easily classified through a list that
opens by clicking on them. The user can choose to consider
the slice for training by selecting either normal or abnormal.

65314 VOLUME 12, 2024



A. Camisa et al.: Automated Detection of Spinal Lesions From CT Scans via Deep Transfer Learning

FIGURE 3. Comparison between two samples from the generated dataset.
In (a) a slice from a vertebra labeled as normal is shown, while in (b) an
abnormal sample from a patient affected by renal cell carcinoma is
provided.

Contour slices, i.e. sections picturing inter-vertebral regions
can be discarded. Also, images that were not clicked on are
discarded by default.

The last section contains widgets to set up the whole
training process for the CNN. The network to be trained
is the VGG-19 which, as we detail in Section V, resulted
as the best one for our task. The application of Transfer
Learning comprises two steps. The first one serves to let the
new output learn the features of the dataset, while the second
one is optional and regards fine-tuning of the pre-trained
convolutional layers. The GUI allows to set up both phases.
In particular, for each step, the number of epochs and the
optimizer’s learning rate (i.e. stepsize) can be selected. The
batch size and the model’s name are common for both phases.
Once the ‘‘Start training’’ button is pressed, the progress can
be followed through text messages.

IV. TRAINING AND TESTING DATASET INITIALIZATION
In this section, we describe how we constructed a dataset to
train and test the proposed CADe. The dataset is composed
of slices (i.e. images of dimension 224 × 224 × 3) from the
transverse plane of the CT scans containing the vertebrae,
either healthy or affected by diseases (Figure 3).
The pool of considered CTs was made of whole-body,

abdominal, and thoracic scans and CT-guided ago-biopsies,
executed on several machines and setups. Dataset generation
is composed of three main phases. In the first one, the
annotated VOIs are automatically extracted from the pool
of CTs. Then, the slices composing the VOIs are saved as
PNG images. A second phase where images are manually
labeled is carried out. Slices that presented too small lesions
were discarded to avoid erroneous learning. Finally, the third
procedure generates a dataset by applying so-called data
augmentation techniques. The dataset is finally split into
training, validation, and test subsets.

Due to the nature of the extraction process, a random split
related to single slices would create a bias in the network
evaluation. Indeed, no slices belonging to the same vertebra
should be found in both the training and test set, to preserve
their uncorrelation. For this reason, the division was done
vertebra-wise. In addition, the ratio between normal and
abnormal vertebrae was kept as close as possible for both sets.
More information is in Table 2.

TABLE 2. Dataset composition.

TABLE 3. Composition of test and validation sets.

The training set was further split to generate a small
validation set for evaluating the choice of the models and
the hyperparameters. The ratio between normal and abnormal
was maintained as in the previous procedure. The splitting
was done slicewise (Table 3). Implementation details are
provided in the following section.

A. DATASET PREPROCESSING
The CTs used in this work were stored in the Rizzoli
Institute’s database in DICOM format. DICOM (Digital
Imaging and Communications in Medicine) is a standard
for managing and storing information for medical imaging
applications. Despite the presence of libraries for directly
importing DICOM files in Python environments, it was
preferred to convert only the interesting exams of each patient
to a simpler format, named NIfTI. NIfTI (Neuroimaging
Informatics Technology Initiative) was originally thought
for neuroimaging but it also allows managing any CT
scan in a simple way and preserving metadata (e.g. spatial
information). In order to import the CT (already converted
in NIfTI), a developed and sophisticated Python library
named NiBabel is used. Once imported, the CT scan is as a
3D array representing the volume plus a header containing
important information such as slice thickness with respect to
each dimension, orientation as well as other data about the
machine settings. It also contains an affine matrix mapping
array coordinates to some world coordinate space, which
however is not necessary for our system. Each CT scan has
been loaded as a 3D numpy array, and the slice thickness
(i.e. the space between the slices) along each coordinate
as a list. The extracted VOIs, whose voxel values are
represented in HU, are mapped to a [0, 255] interval. Then,
the contrast of the volumes is enhanced. Finally, for eachVOI,
every transverse slice is adequately pre-processed to fit the
network inputs and improve its lesion detection capabilities.
A volume-wise contrast enhancement technique is applied.
We use Contrast Limited Adaptive Histogram Equalization
(CLAHE). We found that a satisfying setting of the clip limit
is 0.001 with kernel size equal to 1/8 of the VOI. Figure 4
shows the application of CLAHE on a sample slice. Note
that the modified version highlights important details such
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FIGURE 4. A series of slices from the same VOI is shown before and after
preprocessing, respectively in (left) and (right).

as the bone structures (in particular the change in density,
i.e. degradation or thickening) and drops uninteresting tissues
(e.g. the soft ones).

Due to the networks requiring particular input sizes,
images are resized to a 224 × 224 dimension. The main
issue is represented by the fact that each VOI has a different
size, depending on the spatial information contained in
the CT header. Thus, it is necessary either to downsample
or to upsample the slices. To achieve this, two different
techniques were implemented. Indeed, upsampling is done
with bicubic interpolation while downsampling with Lanczos
kernel. Networks were trained with RGB images, hence every
slice is converted from grayscale to RGB.

B. DATA AUGMENTATION
During the training, we applied data augmentation tech-
niques. Data augmentation has been shown to improve the
learning process [44], helping the network to be invariant to
positional and unintended patterns. Moreover, a small dataset
and its variability can be efficiently increased through this
method.

Data augmentation was performed at runtime during the
training, thus generating random images from dataset images
at each epoch. Each image was processed with the following
random transformations:

• vertical/horizontal flip,
• rotation in range [−36, +36] degrees,
• width/height shift for a maximum of ±10% of
224 pixels,

• zoom in/out for a maximum of ±10% of 224 pixels.
Since some transformations (e.g., rotations) generate

empty regions in the new image, it is necessary to perform
padding to fill the empty regions. We chose the zero padding
technique, where the pixels are filled with zeros.

V. EXPERIMENTAL RESULTS
In this section, we perform an in-depth benchmark study
to assess the performance of the chosen neural network
for the slice classification step of the proposed CADe.
Tensorflow environment (version 2.9.1) was chosen for
testing and structuring the CNNs. Tensorflow allows to
efficiently set up training by offering a large set of utilities.
In particular, instantiation of the networks was accomplished
through Keras, a framework for designing efficient AI

applications that use Tensorflow as back-end. Keras contains
well-structured APIs for easy management of common layer
structures. The training was carried out on twomachines. The
first one, a workstation with an Intel i9 octa-core processor,
a total of 64 GB RAM, and 2 NVIDIA QUADRO P4000
GPUs was used for the most intensive computations. For less
resource-expensive procedures a laptop with an hexa-core
Intel i7 processor, 16 GB RAM, and a CUDA-enabled
NVIDIA GTX 1050 was used. For this study, we considered
the dataset described in Section IV. An example of such
data is in Figures 3 and 4. First, common metrics will be
introduced for evaluation and comparison purposes. Given a
dataset, a binary classifier assigns two possible outcomes to
each investigated sample, either Positive (P) or Negative (N).
By comparing the results with the ground truth (i.e. the real
class the samples belong to), we can define True Positives
(TP) as the number of real positives that were correctly
classified and False Positives (FP) as the ones that were
mislabeled. Dually, True Negatives (TN) are the number of
correctly labeled negatives while False Negatives (FN) are the
number of negatives classified as positive. A binary classifier
gives as output a value in range [0, 1], namely a threshold
(usually set at 0.5) is necessary to classify outputs above it as
positive and vice-versa. In the following, we provide a list of
common metrics.

• Accuracy is defined as

Accuracy =
TP + TN

TP + FP + TN + FN
. (1)

It is the sum of the correctly classified samples over the
dimension of the dataset. It is intuitive but not enough
for evaluating a classifier, especially when classes are
imbalanced (e.g. high accuracy is obtainable from a
classifier that always predicts the bigger class).

• Precision or Positive Predicted Value (PPV) is

PPV =
TP

TP + FP
(2)

and measures how many samples predicted as positive
are indeed positive.

• Recall or Sensitivity or True Positive Rate (TPR) is

TPR =
TP

TP + FN
(3)

and represents how many samples out of all the positive
ones were classified as positive.

• F1 score is defined as the harmonic mean of precision
and recall, namely

F1 = 2
PPV · TPR
PPV + TPR

. (4)

It is important because, unlike accuracy, it takes into
account how data is distributed. Namely, it is very useful
with imbalanced classes.

• ROC (Receiver Operating Characteristic) is a plot of
the performance of the classification model at every
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classification threshold. It shows the ratio between TPR
and False Positive Rate (FPR), which is

FPR =
FP

FP + TN
, (5)

with various threshold values. Another useful metric
that can be obtained from ROC is the Area Under
Curve (AUC), i.e. an aggregate measure of the classifier
performance with all possible thresholds. A random
classifier will present the ROC curve as a line, with
AUC = 0.5.

• Confusion Matrix is a good method to represent TP, TN,
FP, and FN predictions. These appear as a matrix where
the horizontal axis shows the predicted classes, and the
vertical axis shows the true classes.

• Brier Score is a metric that measures the accuracy of
probabilistic predictions. For a binary classifier with
output sigmoid activation function (as in the considered
models), the score can be evaluated as

BS =

NT∑
i=1

(fi − yi)2, (6)

where NT is the number of the test data, fi is the output
of the network for the i-th sample and yi is the real label
of the sample.

A. NETWORK ARCHITECTURES AND TRANSFER
LEARNING
To benchmark the performance of our CADe, we considered
different state-of-the-art CNNs and applied Transfer Learning
techniques to train them. Specifically, we trained the VGG-19
and tested it against VGG-16, Inception V3, and ResNet 50.
Then, to have an experimental proof of the advantages of
the technique, a neural network trained from scratch (i.e.
with a random initialization of the parameters) is used as a
baseline. The baseline is structured as in [45], because of the
similarities between our approach and the one designed by
authors for detecting brain tumors. The input shape of the
network is 224 × 224 × 3, thus compliant with the dataset
described in Section II. The input is fed to three blocks, each
of which is composed of two convolutional layers with a
stride equal to 1, 3 × 3 kernel size, and no padding plus
a pooling layer with a stride equal to 2. The convolutional
layers of each block are characterized by an increasing
number of filters, respectively 32, 64, and 128. The output of
the third block is connected to a final multi-layer perceptron
composed of two Dense layers with 550 neurons each, plus a
single neuron that serves as a binary classifier. All the layers,
either dense or convolutional are implemented with ReLU
activaton functions. The only exception is represented by the
classification layer which supplies an output between 0 and 1,
using the sigmoid. Moreover, due to possible overfitting
related to the small dataset, a dropout layer was inserted after
each Dense layer.

FIGURE 5. Composition of the two output classification layers. (left) is
bigger than (right) which is the simplest output model. The label ‘GAP’
represents a Global Average Pooling layer while ‘D(n)’ a Dense layer with
n neurons.

TABLE 4. Test results between (a) and (b) output models with VGG-19.

B. OUTPUT CLASSIFICATION LAYERS
Binary classification can be achieved in several ways.
As shown in [12], leveraging a single dense layer with
softmax activation may not be sufficient in medical tasks.
Therefore, it is necessary to study different classification
models. In the following, we test two of the various
classification structures proposed in [12].

The test was performed on the VGG-19 network to assess
the best possible classifier. The first candidate is composed of
a global average pooling layer, three cascaded Dense layers,
and a dropout layer placed after each Dense layer. The last
element is a single neuron with a sigmoid activation function
giving a scalar output in [0, 1] where 0 is the normal class
and 1 is the abnormal one). The second candidate is a simpler
model composed only of a global average pooling layer
followed by a single neuron with a sigmoid as activation.
In Figure 5 we show the structure of the two classifiers.
After completing the training for both candidates, per-

formance was assessed through the test set. The results are
shown in Table 4. We can see that both candidates are
comparable, with (b) performing slightly better than (a). The
highest gain regards recall with +1.8% with respect to (a),
while recall and AUC resulted almost equal. For the previous
considerations, (b) was the chosen candidate.

After assessing the best classification layers, we applied
Transfer Learning techniques by loading weights of training
on the ImageNet dataset. Then, we substitute the final layers
of each CNN with the model (b) layers.

C. DATA AUGMENTATION CONSISTENCY AND K-FOLD
CROSS VALIDATION
We assess the performance of the considered model with
and without data augmentation. This was made to ensure
consistency of the dataset after employing data augmentation
techniques as for Section IV-B. The results are in Table 5.

It is worth noting how the considered data augmentation
scheme increases the performance of the predictor. While
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TABLE 5. Test results with and without data augmentation.

TABLE 6. Test results with and without k-fold cross validation.

there is a slight drop in the precision, the recall is raised by
more than 4.5%. This is an important feature since we are
interested in maximizing the detection of anomalies.

Moreover, we include a k-fold cross-validation analysis for
the chosen detector. That is, we split the dataset into k folds.
We iteratively re-train the detector over k − 1 folds and test it
on the remaining fold. As suggested in recent literature (see,
e.g. [46]) we choose k = 10. To avoid statistical correlation
between testing and training, each patient is assigned to only
one fold. Each fold contains the same amount of patients.
In this setting, the ratio between normal and abnormal in
each fold may not be identical. The amount of data in each
fold may slightly differ, due to the different number of
images for each patient. In the considered split, the ratio
normal/abnormal is in mean 1.87 with a standard deviation
of 0.76. Each fold has an average of 416 elements, with a
standard deviation of 50. Results are reported in Table 6. Here
we compare the results of the k-fold cross-validation with the
ones in Table 4. For the cross-validation results, we provide
both mean and standard deviation (std) results.

D. COMPARISON OF NETWORK ARCHITECTURES
For each network, the application of Transfer Learning was
performed with a procedure composed of three steps:

• Step 0: The pre-trained network, i.e. the base model with
no top layers was loaded and initialized with its weights,
with input shape equal to 224×224×3. Then, the output
classification layers were added to the top of the base
model.

• Step 1: Training of the custom output was run for
100 epochs, holding the rest of the network with frozen
weights. The chosen optimizer (ADAM [47]) was set
with a step-size α = 0.0001 while the other parameters
were kept with default values (β1 = 0.9, β2 = 0.999 and
tolerance ϵ = 1 ·10−7). The batch size was chosen equal
to 32 samples.

• Step 2: Fine tuning was performed for 100 additional
epochs, i.e. we performed additional training iterations
with some layers of the base model unfrozen, depending
on the considered network. The optimizer settings were
kept as in Step 1 apart from the step-size α which was
lowered to 5 · 10−5.

The baseline was instead tuned with the following
parameters; the batch size was chosen equal to 32 samples,

FIGURE 6. VGG-19 training. Left: ROC curve obtained from the test set
results. Right: confusion matrix of the predicted labels.

FIGURE 7. VGG-16 training. Left: ROC curve obtained from the test set
results. Right: confusion matrix of the predicted labels.

while the ADAM optimizer was left with default settings, i.e.
stepsize α = 0.001, β1 = 0.9, β2 = 0.999 and tolerance
ϵ = 1 · 10−7. At the end, training was carried out for
100 epochs, while monitoring the loss and accuracy of the
validation set. From these metrics, the network performance
was shown to be increasing up to epoch 85, before starting
to overfit the training samples. For this reason, results were
computed using the weights from epoch 85 The confusion
matrix and ROC curve computed from the test set for each
network are shown below.

1) VGG-19
VGG-19 resulted in an AUC of 0.98 in the ROC graph,
reported on the left of Figure 6. On the right the Confusion
Matrix can be seen.

2) VGG-16
For VGG-16, the resulting ROC curve (Fig. 7) shows an
AUC of 0.98. With respect to VGG19, the Confusion Matrix
denotes a loss on performance when detecting abnormal
images.

3) INCEPTION V3
Figure 8 shows the ROC curve for Inception V3, with AUC
of 0.967 and the Confusion Matrix resulted from the test set.

4) ResNet50
ResNet50 was the worst performing network between the
pre-trained ones in terms of accuracy, but has the highest
Recall value (Figure 6).

5) BASELINE
The training phase is reported in Figure 10. The baseline
showed a small AUC, equal to 0.84 (Figure 11).

65318 VOLUME 12, 2024



A. Camisa et al.: Automated Detection of Spinal Lesions From CT Scans via Deep Transfer Learning

FIGURE 8. Inception V3 training. Left: ROC curve obtained from the test
set results. Right: confusion matrix of the predicted labels.

FIGURE 9. ResNet50 training. Left: ROC curve obtained from the test set
results. Right: confusion matrix of the predicted labels.

FIGURE 10. Baseline training. Left: the plot of the training accuracy is
shown. Right: the graph of the training loss is provided.

FIGURE 11. Baseline training. Left: the ROC curve obtained from the test
set results. Right: the confusion matrix of the predicted labels.

To conclude, we run a calibration plot on the considered
models before and after Logistic Regression. The results are
in Figure 12.

E. COMPARISON WITH RELATED WORKS
To conclude, we perform a comparison with related works.
In particular, we benchmark our results against the ones
in [36] and [39]. The work in [36] proposes a detection
scheme for lytic lesions usingCNNs. Thework in [39] instead
proposes a CADe for automatic detection and classification
of sclerotic lesions. Both works use CT scans as input data
for the system. We compare the Specificity, Recall, and AUC
metrics of our approach against the ones in [36] and [39].

FIGURE 12. Calibration curves for the considered models before and after
logistic regression.

TABLE 7. Comparison with related works in [36], [39].

As for the Specificity, it is defined as

Specificity =
TN

FP+ TN
, (7)

where we recall that TN are True Negative prediction while
FP are False Positive prediction. The aforementioned works
do not include further details on other metrics, so we are
not able to report them. Moreover, the work in [36] does
not include the AUC, while the one in [39] does not include
the Specificity. The results are provided in Table 7, where it
can be noticed that our approach performs better in all the
considered metrics.

F. SUMMARY OF RESULTS
A table summarizing the benchmark results from Section V-D
is in Table 8. Here, we provide the results for all the consid-
ered architectures taking into account Accuracy, Precision,
Recall, F1 score, AUC, and Brier Score (see Section V for
the definition of these metrics).

The networks under test show how Transfer Learning is an
excellent technique to deal with small datasets, even when
the high-level features of the new domain are different from
the original one. Indeed, Table 8 shows that the pre-trained
networks (namely the considered VGG-19, Vgg-16, Incep-
tion V3, and ResNet50) outperform the baseline, with gains
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TABLE 8. Comparison of the test results between VGG-19, VGG-16, Inception V3, ResNet50 with Transfer Learning and the network trained from scratch
(the baseline).

in accuracy ranging from 13% to 16.6%. Similar results can
be observed also for all the other metrics. This suggests
that leveraging knowledge gained from training on large,
different datasets offers a valuable starting point for tasks
where labeled data is scarce.

The VGG-19 employed in Algorithm 1 outperforms all
the other networks in terms of accuracy, F1-score, BS and
AUC. It is worth noting that for this classification task, we are
interested in detecting abnormalities. Thus, recall should
be maximized. Among the different networks, VGG-19
and ResNet50 are the ones with the highest Recall. While
ResNet50 has slightly higher Recall, its performance on
the other metrics is inferior with respect to VGG-19. This
confirms that the considered network is the most suited for
the classification task. VGG-16 demonstrates performance
comparable to the ones of VGG-19, although slightly inferior.
Both VGG-19 and VGG-16 have the highest AUC value,
which is almost 1. This value indicates that the networks can
properly distinguish between normal and abnormal images.
This aspect is further highlighted by the low Brier score,
in which these networks are comparable. InceptionV3 has
the highest precision values. Thus, it is the network that
minimizes the number of false positives. This is a crucial
point in medical imaging tasks where misdiagnoses can have
serious consequences. However, its lower performance across
other metrics makes InceptionV3 not suitable for this task.
As an example, its Recall is 9.5% less than the considered
VGG-19. To conclude, the decision to select VGG-19 for the
lesion detection system is well-founded. Indeed, this network
maximizes the Recall while maintaining high Accuracy and
minimizing false positives. This choice reflects a careful
consideration of the specific requirements and objectives of
the medical classification task at hand. Moreover, given the
high AUC and the almost-zero BS, VGG-19 can properly
distinguish between normal and abnormal images. The
k-fold cross validation in Table 6 further suggests that
it achieves similar performance with new data. Moreover,
as confirmed in Section V-E, the considered framework out-
performs other state-of-the-art CADe systems for analogous
tasks.

VI. CONCLUSION
Spinal metastases are indeed very frequent, so their detec-
tion and diagnosis represent a critical task. However, the
complexity of the vertical body makes this task delicate and
complex. Thus, in this paper, we developed a CADe system

for automated lesion detection from CTs. We implemented
an algorithmic process that pre-processes the CTs, extracts
the volumes containing the vertebrae, and analyzes them
to diagnose possible abnormalities. This approach exploits
a VGG19 neural network to classify the slices into two
classes, namely normal and abnormal. To train the CNN,
we generated a dataset of slices from 256 vertebrae belonging
to CT scans of 105 patients from the Rizzoli Orthopaedics
Institute of Bologna, Italy. We apply Transfer Learning
and Data Augmentation techniques to properly train the
network. Finally, the toolbox was connected to a Graphical
User Interface to ease the usability for the medical staff.
We benchmark the considered VGG19 network with different
state-of-the-art CNNs according to different performance
metrics, i.e., accuracy, precision, recall, F1, AUC, and brier
score. The chosen network reached 93.43% accuracy and
F1 score of 91.39%, outperforming the other ones also in
terms of AUC and Brier score. Also, it achieved compa-
rable performance in both precision and recall. Moreover,
a comparison with related works shows that our approach
has better performance. Future works include the analysis
of a multi-class classification method for this task, as well
as an extension of the framework to MRI and radiography
images.
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