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Abstract. In this paper two methods for vertebra detection on X-RAY images are presented. The key difference
from standard object detection methods is that proposed ones (methods) are not limited to finding a rectangular
bounding box, but can be used to detect an object with a bounding box of arbitrary quadrangle shape.

Our method achieves 0.988 Average Precision Score with 0.822 bounding box IoU.
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Introduction.

Statistics indicate that there are around 540 million adults who experience back pain of different
levels of intensity [1].

Traditional methods of diagnosing diseases of the spine are radiography, computed tomography (CT)
and magnetic resonance imaging (MRI). Despite the fact X-Ray is a total projection image and is not so
accurate compared to CT and MRI, it is still the most popular way of primary diagnosis. This is due to the
following facts: X-Ray is fast (the whole procedure can be done in several minutes), cheap and no special
patient preparation is required.

Accurately detecting and identifying each of the individual vertebrae is essential for medical
professionals in diagnosing and treating spinal conditions such as spinal fractures, herniated discs, scoliosis
and spondylolisthesis. Traditionally, spine vertebra detection was done manually by radiologists, which is
a time-consuming and labor-intensive process.

At the same time Neural Networks have proven to be a reliable way to solve many problems related
to image processing.

In this work we research the possibility of applying them to solve the problem of automatic detection
of vertebrae from spine X-Ray.

On top of the detection methods, a diagnosis decision making support system for medical
professionals can be built. Decision support system aims to help to make the diagnostic process faster, more
accurate, and less labor-intensive for medical professionals compared to manual diagnostics.

Related Work.

The object detection is the natural extension of object classification, which aims only at recognizing
the object in the image. The goal of the object detection is to detect all instances of the predefined classes
and provide its coarse localization in the image by axis-aligned boxes. The detector should be able to
identify all instances of the object classes and draw a bounding box around it. It is generally seen as a
supervised learning problem [2].
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There are two major groups of object detection methods: Two-Stage Detectors (Faster-RCNN[3],
Mask-RCNNTJ4]) and One-Stage Detectors (SSD[5], YOLO[6], RetinaNet[7]).

The key difference in these two types of object detection models is how they solve classification
problem. Two stage models have separate region proposal subnetworks that generate bounding boxes, and
later proposed regions are passed to classification subnetwork. At the same time one stage models solve
region proposal and classification problems with a single subnetwork.

There also has been studies that explore automatic detection of spine diseases from X-Ray images.
But they were limited to working in some particular regions of the spine, for example [8] is limited to
Lumbar (S1, L1-L5 vertebrae, which is only 6 out of 32 vertebrae in the human body) spondylolisthesis.

In contrast, the goal of our research is to design a region-independent method of vertebrae detection,
which can be further used to detect different pathologies.

Model evaluation.

Object detectors use multiple criteria to measure the performance of the detectors viz., frames per
second (FPS), precision and recall. However, mean Average Precision (mAP) is the most common
evaluation metric. Precision is derived from Intersection over Union (IoU), which is the ratio of the area of
overlap and the area of union between the ground truth and the predicted bounding box. A threshold is set
to determine if the detection is correct. If the IoU is more than the threshold, it is classified as True Positive
while an IoU below it is classified as False Positive. If the model fails to detect an object present in the
ground truth, it is termed as False Negative. Precision measures the percentage of correct predictions while
the recall measures the correct predictions with respect to the ground truth.

True Positive

Precision = — —
True Positive + False Positive

True Positive

Recall = True Positive + False Negative

Based on the above equation, average precision is computed separately for each class. To compare
performance between the detectors, the mean of average precision of all classes, called mean average
precision (mAP) is used, which acts as a single metric for final evaluation [2].

Vertebrae Detection.

As described previously, in most cases, when detecting, it is sufficient to use as bounding boxes
rectangles, whose sides are parallel to the coordinate axes. However, in the problem under consideration,
they are not accurate enough. For example, in the task of determining scoliosis and its degree it is necessary
that the sides of the bounding box be directed in the same way as the vertebra is rotated. At the same time
the upper and lower sides are not necessarily parallel to each other. Therefore, we need to use an arbitrary
convex quadrangle as a bounding box.

We propose two ways of achieving this:

eFinding a rectangular bounding with a standard object detection model followed by a refinement
step using one more model, that solves regression tasks on 4 key points coordinates (method 1).

e Using an instance segmentation model to build a segmentation mask for each vertebra and future
approximation of this mask with a quadrangle bounding box (method 2).

Method 1

At the first step of this approach, the problem of detecting individual vertebrae in the image using a
rectangular bounding box. For this we can use any of the standard architectures for object detection task,
for example, FasterR-CNN, YOLO, SSD.

In the second step, each of the obtained bounding boxes is cut out from the original image, and used
as input data for the neural network that determines the coordinates of 4 key points of each vertebra.

Best results in detection of individual vertebrae on X-Ray images was achieved by FasterR-CNN
architecture with ResNet-50 backbone.

Experiments were also carried out using one-step methods, such as SSD, RetinaNet (more
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specifically, the experiments are described in Table 1). These methods, as expected, worked faster, but
showed lower quality. Since in the problem under consideration the speed is not critical, preference was

given to FasterR-CNN.

Table 1. Vertebrae detection experiments

Architecture Learning rate Averlaige Notes
Precision
. Val:
Starting: 3.0E-4 .
SSD (ResNet-50) Decrease by 10 times 0.921 ResNet-30 use p r.etramed
every 5 epochs Test: ImageNet weights
2P 0.918
. Val:
RetinaNet(ResNet- Starting: 3'OET4 0.948 ResNet-50 use pretrained
Decrease by 10 times .
50) everv 5 epochs Test: ImageNet weights
yoep 0.949
3 015-7S tfil;ut?ag Kbon Val:
Faster-RCNN . coone 0.9872 ResNet-50 use custom
3.0E-4 other layers . .
(ResNet-50) . Test: pretrained weights
Decrease by 10 times on
0.9884
plateau

One of the considered pathologies is scoliosis. To calculate the degree of scoliosis it is necessary to
calculate the angles along the boundaries of the bounding boxes. Thus, one of the important characteristics
of the bounding box is the coincidence of the angles between the lines of the correct and the predicted box.
Therefore, it is proposed during training to optimize not only the absolute distance between points (as is
usually done in regression problems), but also the angles between the lines. It is proposed to use
AngeleLoss = sin?(0) as a measure of the difference in angles, where 8 is angle between predicted and
correct bounding box boundary. And as a generalization of this loss function to the bounding box, the
average value over 2 pairs of lines (predicted and correct bottom and top boundaries) is used.

Table 2. Vertebrae keypoints regression experiments

Architecture Loss function IoU

ResNet-101 Mean squared error ;Li%?ii
ResNet-101 Mean absolute error ]\"7611‘5%776766
ResNet-101 Mean absoh;fz Sesrror + Angle ;/;{((())77@69

The results of applying method 1 to spine X-Rays are presented in Figure 1
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Figure 1. Results achieved with method 1

Method 2

The second approach for solving the problem under consideration is based on the instance
segmentation. At the first step, masks are built for each of the vertebrae, and then they are approximated
using quadrangles.

MaskR-CNN was used as an architecture for solving the instance segmentation problem. As a result,
it was possible to achieve mask IloU 0.782 and bounding box Average Precision 0.984.

To solve the problem of approximating masks using quadrangles, it is proposed to use gradient-free
optimization methods.

The quadrangle is defined by 8 coordinates (xq, V1, X3, V2, X3, Y3, X4, ¥4 ), using these coordinates we
can build a mask that is an approximation of the resulting mask. And as an objective function, we use the
IoU value between the mask obtained using MaskR-CNN and the mask built using the coordinates of the
quadrangle. The following methods were chosen for comparison: the Nelder-Mead method, differential
evolution, and the simulated annealing method (the results of the comparison of approximation methods
are shown in Table 3).

Table 3. Mask approximation experiments

n S
Architecture Mean + sid e:ecutlon fime, Mean objective function value
Nelder-Mead 0.0034 £+ 0.008 0.925

Differential evolution 0.1925 + 0.0386 0.965

Simulated annealing 0.2047 + 0.0074 0.960
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The results of applying method 2 are presented on Figure 2.

Figure 2. Results achieved with method 2

Conclusion.

In this research we have explored the possibility of using neural networks for the automatic detection
of individual vertebrae from spine X-Ray images.

We proposed two methods for achieving this, one using a standard object detection model followed
by a refinement step using another model that solves regression tasks on 4 keypoints coordinates, and the
other using an instance segmentation model to build a segmentation mask for each vertebra and future
approximation of this mask with a quadrangle bounding box.

Our experiments showed that the FasterR-CNN architecture with ResNet-50 backbone produced the
best results in detecting individual vertebrae on X-Ray images (0.988 Average Precision with 0.822
bounding box IoU).

The proposed methods can help medical professionals in diagnosing and treating spinal conditions
such as spinal fractures, herniated discs, scoliosis, and spondylolisthesis.

Further research can be done to improve the accuracy of the proposed methods and extend it to detect
different pathologies.
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AHHoOTanus. B 1aHHOI1 cTaThe NpencTaBiIeHs! 1Ba METOA JETEKIIUU TI03BOHKOB HA PEHTT€HOBCKUX CHUMKAX.
OCHOBHBIM OTIMYHUEM, INPEATOKEHHBIX METOIOB, OT CYLIECTBYIOIUX METOAOB JETEKIUH SBISIETCS TO, YTO OHHU HE
OTPAaHMYEHBl MOHUCKOM MPSIMOYTOAbHON OrpaHMYMBAIOLICH paMKH, a pEIIalT 3a4ady ACTEKLIUH C IOMOLIBIO
OTPaHUYMBAIOIICH PaMKHU MPOU3BOJIBHON YETHIPEXYTONbHON (GopMBI.

[pennoxennsii Mmeton nocturaer kadecrtsa 0.988 merpukn Average Precision npu loU orpannumBaronmx
pamok 0.822.

KioueBsie cioBa: ['my6okoe o0ydeHre, METOIbI MEIUIMHCKOMN BU3yaN3alliy, JETEKIH 00bEKTOB.
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