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Abstract

Lumbar spondylolisthesis (LS) is the anterior shift of one of the lower vertebrae about the subjacent vertebrae. There are
several symptoms to define LS, and these symptoms are not detected in the early stages of LS. This leads to disease progress
further without being identified. Thus, advanced treatment mechanisms are required to implement for diagnosing LS, which
is crucial in terms of early diagnosis, rehabilitation, and treatment planning. Herein, a transfer learning-based CNN model is
developed that uses only lumbar X-rays. The model was trained with 1922 images, and 187 images were used for validation.
Later, the model was tested with 598 images. During training, the model extracts the region of interests (ROIs) via Yolov3,
and then the ROIs are split into training and validation sets. Later, the ROIs are fed into the fine-tuned MobileNet CNN to
accomplish the training. However, during testing, the images enter the model, and then they are classified as spondylolisthesis
or normal. The end-to-end transfer learning-based CNN model reached the test accuracy of 99%, whereas the test sensitiv-
ity was 98% and the test specificity 99%. The performance results are encouraging and state that the model can be used in

outpatient clinics where any experts are not present.
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Introduction

Lumbar spondylolisthesis, one of the most common spinal
diseases among humans, is defined as the anterior shift in
one of the lower vertebrae about the subjacent vertebrae. It
is identified as the slip progression after the skeletal maturity
is connected to disc degeneration at the slip grade. As the
biochemical and biomechanical entirety of the disc is lost,
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the lumbosacral slip starts to progress and becomes unsteady
[1]. It is postulated that the slip progression after the skeletal
maturity is in the vast majority of the cases, related to disc
degeneration at the slip level. It is recognized as a result
of the progression of spondylolysis disease which is often
seen at the L5 vertebrae between 85 and 95% and the L4
vertebrae between 5 and 15% [2]. It has been reported that
the etiology of the disease and treatment strategy success
have had considerable interindividual variability. This fact
is conditioned by the clinical variations of the functional
spinal unit and deviations in the disease pathogenesis related
to mechanical and biochemical processes [3]. Lumbar
spondylolisthesis had been classified into six categories in
terms of etiology such as dysplastic, isthmic, degenerative,
traumatic, pathologic, and iatrogenic [4, 5].

Although there are several symptoms of lumbar
spondylolisthesis, most of the time, they are not felt in the
early stages. This leads the disease to progress further and, as
a result, more demanding treatment is required. Therefore, a
reliable and robust automatic diagnosis of spondylolisthesis
is important in terms of early diagnosis, rehabilitation, and
treatment planning.
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Spondylolisthesis is divided into 5 severity stages
according to Meyerding Grading System [6]. The system
is based on the percentage of slippage of one vertebra
relative to the caudal such as grade-1 (0-25%), grade-2
(26-50%), grade-3 (51-75%), grade-4 (76-99%), and
grade-5 (99% or more—spondyloptosis). As one expects,
the diagnosis of lumbar spondylolisthesis becomes easier
as the percentage of slippage increases.

Computerized methods are utilized in many various
fields. Aggarwal et al. [7] proposed a method for
detecting and recognizing the vehicle license plates.
Kumar et al. [8] proposed a model to identify image
forgery. Kumar et al. [9] studied to detect skin cancer.
The determination of the stage of spondylolisthesis is
no exception. It has been done manually for a long time,
but there have been some recent studies to automate the
process. To the best of our knowledge, the first study
with this purpose was presented by Lie et al. in 2016
[10]. Their study consists of two main stages such that
automatic spine labeling and critical region detection. In
the first stage, a learning-based spine labeling method is
used to detect vertebrae by integrating both the image
appearance and lumbar spine geometry information.
Then, in the second stage, a hierarchical learning method
based on the previous studies by Zhan et al. [11, 12]
is proposed to determine the spondylolisthesis grade.
Another study with the same aim belongs to Cai et al.
in 2017 [13]. They developed a technique that is directly
capable of spondylolisthesis detection and measurement
for lumbar spine images. Their detection method is
based on the set of the learning-based detector, while
the classification method is k-nearest neighbor with a
synthesized image dictionary. Besides detection, there are
studies for the treatment such as Liu et al. [14] developed
a new type of hollow cement-augmented pedicle screw
for the treatment of lumbar spondylolisthesis with
osteoporosis.

On the other hand, convolutional neural networks
(CNNs) have reached state-of-the-art performances in
many diverse fields including medical imaging, natural
language processing, and hyperspectral image processing
since their first introduction in 2012 [15]. The main
reasons behind their success in image analysis tasks
are the creation of large-scale annotated datasets like
ImageNet [17], improvements in graphics processing
unit technologies (GPUs) [16], and the ability to build
complicated CNN architectures [18, 19].

Medical image analysis is also one of the most
frequently used areas of CNNs. Studies in this field
often use magnetic resonance imaging (MRI) scans,
computed tomography (CT) images, ultrasound images,
and X-ray images for different medical tasks, for example,
male pelvic organ segmentation [20] and detection and
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segmentation of pulmonary nodules [21] in CT dataset,
hippocampus analysis in MR images [22], and white
matter hyperintensities segmentation in MRI scans [23].
In addition, CNNs are used for diagnosing lung cancer in
endobronchial ultrasound images [24], automated detection
and classification of thyroid nodules in ultrasound images
[25]. There are a lot of studies that used X-ray images such
as automated detection and localization of pneumonia
on chest X-ray images [26], detection of rheumatoid
arthritis on hand radiographs [27], and coronary artery
segmentation in X-ray angiograms [28]. Moreover, Goyal
et al. [29] developed a CNN-based mobile application to
detect skin cancer using a public dataset.

After the introduction of CNNs, different architectures
based on CNNs have been developed to detect diverse
target problems such as object detection algorithms,
for example, R-CNN [30], Fast-RCNN [31], Faster-
RCNN [32], and Yolo [33] are the most well-known
object detection algorithms and used for many different
tasks [34-37]. Among these, Yolo is the fastest object
recognition algorithm because it uses a single artificial
neural network. It also scans the entire image and makes
more accurate predictions.

Herein, an end-to-end computerized method to
diagnose spondylolisthesis using only lumbar X-ray
images is proposed to minimize possible human (manual)
errors during both detection and treatment procedures by
helping specialists as a second reader. The main steps of
the method are presented in Fig. 1. It starts with Yolov3
[38], the last version of Yolo models [33, 39], which is
responsible for extracting the region of interest (ROI) in
the images. Then, the ROIs enter the fine-tune MobileNet
convolutional neural network to complete the diagnosis
procedure by classifying as spondylolisthesis or normal.

Materials and Methods
Image Acquisition

Ethical approval certificate for the study was obtained
from the Non-interventional Clinical Researches Ethics
Board in Hatay Mustafa Kemal University with certificate
date September 26, 2019, and record number 04. Some
criteria were taken into account while including a patient
into the dataset. The patients currently under treatment
in the neurosurgery clinic, suffering from degenerative
spondylolisthesis, between the ages of 40-70 from both sex
groups were included in the dataset. However, the patients
suffering from low back pain other than degenerative
spondylolisthesis diagnosed with spinal disorder other
than degenerative spondylolisthesis and aged out of the
range 40-70 were excluded from the study.
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Fig. 1 The process of the
diagnosis of spondylolisthesis 3
based on Yolov3 and fine-tuned Loz ey g
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As mentioned above, the performance of CNN-based
methods depends highly on the amount of data; otherwise,
training CNN using a relatively small amount of data
might result in convergence and/or over-fitting problems.
Most real-world problems usually do not have enough
labeled data; especially, it is difficult to get sufficient data
in the medicine where specialist annotations are expensive
and lesions are scarce. These problems can be overcome
by data augmentation techniques and the performance of
CNNss is improved. See [40] for details. In this study, a
multi-stage offline image augmentation procedure, called
augmentor [41], is employed for each image. The augmentor
is a software package and typically used in the artificial
generation of image data for machine learning problems. It
allows us to create an augmentation pipeline, which chains
the images together with the operations such as rotate,
crop, zoom, etc. The operations are applied stochastically,
where the parameters supplied to each of these operations
are chosen at random fashion, within a prespecified range.
In this way, each time a different image is derived from an
image that is passed through the pipeline.

The dataset 1 used in the study contains a total of 2746
lumbar X-ray images after the augmentation procedure.
Among them, 600 lumbar X-ray images collected from
the Department of Neurosurgery in Hatay Dortyol State
Hospital between January 1, 2016, and August 30, 2019,
in which 300 cases were labeled as spondylolisthesis by
two specialists and the rest 300 cases labeled as normal.

Images (Roi) samples H Test samples j

Y

Fine-tuned MobileNet Classification Results

The sizes of images in the dataset were varying between
900 x 800 and 950 x 860 pixels.

The augmentor, in this study, includes zoom, flip, and
brightness operations. Table 1 shows the augmented data
and its splitting. Observe that the original dataset grew after
the augmentation process.

Here is the right place to mention that the training and
validation data are used during the training of the model, but
the test data are used to measure the trained model’s capabil-
ity of detecting spondylolisthesis.

Yolo

ROI is a portion of an image for a specific purpose, and
extracting the ROI is considered as an object detection task.
In this study, ROI was the portion of the image containing
L4, LS5, and S1, and each ROI automatically detected
through Yolov3, the latest version of Yolo.

Yolo family is one of the most powerful and fastest state-
of-art deep learning object detection algorithms. It is a real-
time object detection system (45 frames per second) and based

Table1 The distribution of normal and lumbar spondylolisthesis
cases in training, validating, and testing groups of dataset 1

Cases Training Validation Test

Normal 972 101 334

Lumbar spondylolis- 950 86 303
thesis

Total 1922 187 637
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on single CNN which is called DarkNet. DarkNet can directly
predict the confidence target box and the class at the same time
from the whole image. This makes Yolo more successful than
its competitors in generalizing the representation of objects.
Working principle of Yolo can be explained roughly as follows:

1. The input image is divided into a grid of size S X S. If
the center of the target falls into a grid cell, the grid cell
is going to detect the object. Each grid cell predicts B
bounding boxes and the confidence of these detection
boxes. The total number of bounding boxes for each input
image is S X S X B. The confidence score can also be
explained as an indication of whether there are any objects
in the bounding box.

2. For a number of C classes, there C + 5 values are
predicted for each bounding box. The predicted values
are the coordinates x, y of the midpoint of the bounding
box, the width and height w, h of the bounding box, the
confidence score Conf calculated by the formula 1, and
C many class probabilities.

Conf = Pr(Object) x [OU & )

predicted

The intersection over union (IOU) is calculated by the
predicted and the ground truth bounding boxes. If the
grid cell doesn’t contain any object, the confidence score
must be zero, otherwise, is equal to IOU [33].

3. Inaddition to previous steps, conditional class probabilities
Pr (Class; | Object) are predicted for each bounding box.
4. The class-specific confidence scores for each
bounding box are calculated by multiplying the

Fig.2 Example of detecting L4,
L5, and S1 from a lumbar X-ray
image using Yolov3

SxSgrid
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confidence predictions and the conditional class
probabilities at the test time of Yolo (see formula 2).
Finally, an S XS X B X [x,y,w, h, Conf, C] tensor is
obtained for each the input image.

Pr (Class;| Object)x Pr (Object) x IQU &0

predicted
ground truth (2)
predicted

=Pr(Class;) X IOU

As mentioned above, this study utilizes Yolov3 for detecting the
L4, L5, and S1 as illustrated in Fig 2. All images in the original
dataset were resized to the 400 x 600 resolution before fed
into Yolov3. Yolov3 is an improved version of Yolo in terms
of a few additional methods that used in the downsampling of
feature maps and predicting confidence scores of the bounding
boxes and class confidence probabilities. Furthermore, Yolov3
uses a more strong feature extractor network than DarkNet
which is called DarkNet-53 [38].

Transfer Learning and Fine-Tuning

Training of CNNs using medical images can be generally
done in three different ways. The first one is to start with a
scratch network and train it. It requires a well-annotated and
well-distributed large-scale dataset. However, building such a
large-scale medical image dataset is very troublesome because
of the cost of the expert annotation and difficulty of data
acquisition. In addition, starting to train CNN from scratch
is a time-consuming and costly process in terms of memory
and computing resources. Apart from these, successfully
developing a deep CNN architecture from scratch is very

Detection frames and confidence

il
Al

\"

14, L5, and S1 detection

Class probability
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Table 2 Hyperparameters and frozen weights

Table3 The distribution of normal and lumbar spondylolisthesis
cases in training, validating, and testing groups of dataset 2

MobileNet

Cases Training Validation Test
Optimizer Adam
Momentum 0.900 Normal 972 102 318
Initial Learn Rate 1.0000e —03 ~ Lumbar spondylolis- 950 85 280
Validation Patience 10 thesis
Maximum Epochs 25 Total 1922 187 598
Mini Batch Size 32
Shuffle Every Epoch
Frozen weights (layers) 1:16 addition, processes such as changing some parameters (e.g.,

laborious and requires profound expertise due to technical
details [18]. The second technique is to utilize the “off-the-
shelf” CNN features as input to a machine learning classifier.
Early layers of the CNNss retain simple features while later
layers include more complex features of the images. So,
the “off-the-shelf” CNN features are high-level convolution
features obtained before fully connected layers[42, 43]. The
third and promising alternative approach is to employ a CNN
that has been trained on a large dataset on a related task, in
short, to use transfer learning. It relies on the idea of utilizing
the knowledge acquired for one task to solve related ones, as
humans do. However, the pre-trained model must be modified
to fit the needs of the new task. First, the original classifier is
replaced by the new classifier that fits the new task’s purpose.
Then, it must be fine-tuned. Since the features at lower layers
end up with general features, the strategy followed is to keep
the problem-independent lower layers frozen, just fine-tune
the problem-dependent high layers. Here, the weights (except
weights in the last fully connected layer) are transferred to a
different network that has the same architecture as the pre-
trained network. This process can be considered as a starting
point for a new model. Then, the last fully connected layer
is replaced with a new fully connected layer that contains as
many nodes as the number of classes in the target dataset. In

Fig. 3 Fine-tuned MobileNet

learning rate, momentum) and freezing weights of the first
few layers may be applied for better training performance.
All changes applied after copying of weights are called “fine-
tuning” and have been used successfully in many studies in
different tasks [44].

Fine-Tuning MobileNet

The initial MobileNet with 30 layers was presented by Howard
et al. [45] in 2017 and trained on ImageNet. The parameters
of MobileNet were transferred, and MobileNet was fine-
tuned through training images in the dataset 2 (Table 3).
The last layer of MobileNet was removed, and the first 16
convolution layers were frozen due to having high saturation.
(It was decided which layers should be frozen after a few
experiments.) First, a global average pooling layer was added
and we also used a batch normalization and a dropout ratio of
0.7 to speed up training and improve success. We then used
a dense layer (1 X 1 X 512) with ReLLU and a dropout ratio
of 0.5. Finally, a new softmax classifier with two outputs
(normal and spondylolisthesis) employed as the classifier of
fine-tuned MobileNet. Additionally, fine-tuning the model
was done using the Adam optimization algorithm, categorical
cross-entropy, batch size of 32, and an initial learning rate of
0.001 for 25 epochs. Table 2 shows the hyperparameters along
with frozen weights. Fine-tuned MobileNet is shown in Fig. 3.

|
Fine-tuned MobileNet }
|
I
|
I
Global Average ‘
! Normal
Remove the last Pooling Dense Layer-512 o ‘
layer and freeze + + }
the first 16 —> Batch —> ReLU [
convolution Normalization + }
layers + Dropout e
Dropout Spondylolisthesis }
I
|
I
|
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Table 4 Performance statistics Measure Value
Accuracy 0.99
Sensitivity 0.98
Specificity 0.99
AUC 0.99
Precision 0.99
F1 Score 0.98

Experimental Results

Performance evaluation of the proposed diagnosis
pipeline was carried out in two stages. In the first step, the
performance of the re-trained Yolov3 model was evaluated
using the Intersection over Union (IoU) metric. If the IoU
rate of the region detected by Yolov3 was greater than 70%,
the detection would be considered successful. The IoU rate
of applying Yolov3 to the testing images (a region was
detected in 598 images) in dataset 1 is 96%. The number
of images on which Yolo failed to detect was 39, and these
images weren’t included in calculating the IoU rate. Figure 8
shows a few examples of detected and undetected images.
In the second step, the classification performance of
fine-tuned MobileNet was analyzed on dataset 2 in terms of

Fig.4 Confusion matrix

Normal(0)

True label

Spondylisthesis(1) -

different metrices such as accuracy, sensitivity, specificity,
area under curve (AUC), etc. (Table 4). These metrics were
obtained through the confusion matrix and receiver operating
characteristic (ROC) curve shown in Fig. 4 and 7, respectively.
In addition, plots of accuracy and loss over 25 epochs for the
fine-tuned MobileNet are illustrated in Figs. 5 and 6.

Discussion

Herein, an automatic computerized method to diagnose
spondylolisthesis using lumbar X-ray images is proposed
to reduce possible human errors during both detection
and training procedures by helping specialists as a sec-
ond reader.

It is perceived as a result of the progression of
spondylolysis disease which occurs at the L5 vertebrae
between 85 and 95% and the L4 vertebrae between 5
and 15%. Lumbar spondylolisthesis was classified
into five categories in terms of etiology by Wiltse
et al. in 1976 [4], later, the categories were updated as
dysplastic, isthmic, degenerative, traumatic, pathologic,
and iatrogenic in 1995. There are several symptoms to
identify lumbar spondylolisthesis, and most of the time,
these symptoms are not felt in the early stages. This
leads to disease progress further; thus, more challenging

Confusion matrix

300

- 100
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Fig.5 Accuracy of the fine-
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tuned MobileNet
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P

treatment is required. Therefore, a reliable and robust
automatic method for diagnosing spondylolisthesis is
important in terms of early diagnosis, rehabilitation, and
treatment planning.

Fig.6 Loss of the fine-tuned
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A diagnosis pipeline based on deep learning for lumbar
spondylolisthesis is proposed in this paper. Firstly, Yolov3
is used to detect ROIs in lumbar X-rays and then fine-tuned
MobileNet classifies X-rays as spondylolisthesis or normal.
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Fig.7 The ROC curve of classi-
fying test samples from dataset

Fig.8 Detected and undetected
images
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Fig.9 IOU values of different detections (blue box: ground truth,
green box: predicted)

Deep learning-based methods need a huge amount of
image dataset for different tasks such as classification,
segmentation, and detection [46]. However, it is not easy
to build a medical dataset because of the difficulties in
obtaining large numbers of quality images. Therefore, we
applied a pipeline including different data augmentation
techniques to the images in the local dataset and
increased the number of images as much as possible.
Then, the regions including the L4, LS5 and S1 on the
images in the dataset 1 were determined using the blue
colored boxes by an expert.

When evaluating the performance of Yolov3,
detections with an IoU rate of less than 70% were
considered unsuccessful. However, as shown in Fig. 9, it
is actually very successful in detections with an IoU rate
of less than 70%. These detections include the desired
vertebrae, but the predicted boxes are larger or smaller
than the ground truths. Given that two experts can draw
ground truths of different sizes for the same picture, the
threshold rate (70%) can be further reduced.

The ROIs detected by Yolov3 are used to re-training and fine-
tuning MobileNet. MobileNet is particularly an efficient model
for mobile and embedded vision applications. It is based on
depth-wise and point-wise convolutions and remarkable reduces
the computational model parameters. The most important
reason for using MobileNet in this study is the low number
of parameters that the model needs to be trained. In this way,
although the number of images in the dataset is small compared
to large-scale datasets such as ImageNet, it is sufficient for
proper convergence of the parameters in the network.

This study aimed to detect whether the patient had
spondylolisthesis using lumbar X-ray images. Our study
is important because it provides an encouraging start to
computerized diagnosis systems that can assist doctors
regarding lumbar pathologies. Moreover, with the existence
of such a system, early detection of lumbar pathologies
becomes possible, as a result, conservative treatment can
be applied without any surgical treatment. This serves as
the patient’s life comfort as well as prevents the patient
from possible complications of surgery. Furthermore, the
cumulative of similar studies leads to the starting point of
clinical usage.

Conclusion

In summary, we proposed a pipeline utilizing two deep learning
methods for diagnosis of spondylolisthesis in X-ray spin images.
It mainly consists of two main stages: detecting the region
of interest containing L4, L5 and S1 via Yolov3 model and
classifying obtained sub-images thanks to the pre-trained and
fine-tuned MobileNet. The performance of the proposed system
was evaluated in two steps using our local dataset. While the
performance of Yolov3 was evaluated according to the IOU
metric, MobileNet’s performance was analyzed according
to known deep learning metrics. According to the findings
obtained from this study, our method is very encouraging and it
can be used in outpatient clinics where no experts are available.
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