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ABSTRACT
The objective of this study is to identify cephalometric landmarks on
2D cephalograms (X-rays) using a two-stage Artificial Intelligence
(AI) based object detection method. The proposed work implements
a Faster Region-based Convolutional Neural Network (Faster R-
CNN) deep-neural network which consists of a 50 layered Residual
Network (ResNet50) with Feature Pyramid Network (FPN) as a
backbone network. The algorithm is trained and tested on a dataset
presented in the IEEE International Symposium on Biomedical
Imaging Challenge (ISBI-2015). The detection was based on the
algorithm’s performance, in terms of accuracy under the accepted
accuracy range of 2 mm and the detection rate for clinical use. The
hypothesis behind this work was that Faster R-CNN will have a
difficulty in detecting the landmarks due to either fuzzy features
and, or low-resolution representations, but with help of FPN, the
performance might be better. Results show that the model achieves
approximately 90 % detection and succession rate. In terms of future
work, there is still a need to improve Faster R-CNN performance by
increasing the dataset and use of a more powerful computational
platform might improve the detection and succession rate.
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1 INTRODUCTION
Cephalometric landmarks are tracings of anatomical features of
the skull soft and hard tissues used by orthodontists for diagnosis,
physicians to detect pathologies and oral maxillofacial treatment
planning [1], which includes 32 soft tissue landmarks and 48 skele-
tal landmarks, as shown in figure 1. Before application of Artificial
Intelligence (AI) and Machine Learning (ML) algorithms methods
in detection of landmarks, qualified dentistry practitioners had
to identify the landmarks manually through tracings. The man-
ual process was not efficient, it was time-consuming, and the vast
amount of the obtained results were biased and led to observation
and analysis errors. The application of deep-learning algorithms in
the medical field in imaging is emerging. Researchers claim that the
application of Convolutional Neural Network (CNN) demonstrates
a cost-effective, labour-saving and powerful method in cephalomet-
ric metric landmark identification [2]. An increase in computational
capacity, data and development of new advanced CNN algorithms
improved reliability, accuracy and efficiency [3] which lead to CNN
to become the mainstream in object detection [4, 5]. Faster R-CNN
and Yolov3 are state-of-the-art methods for the identification of
smaller objects. However, in this study we focus on Faster R-CNN

and application of ResNet50 with FPN as a feature extraction back-
bone to feed the obtained feature maps to the network. Faster
R-CNN is a two-stage network, which includes a Region Proposal
Network (RPN) single networkwhich is a combination of region pro-
posal mechanism and CNN classifier. Faster R-CNN deep-learning
algorithm relies on powerful GPU computing power [6] and has
a high object detecting precision rate but lower computing speed.
However, previous studies in cephalometric landmark detection
proposed that an increase in dataset and adjusting of the network
might improve the performances of the algorithm Faster R-CNN [2].
The aim of this study is to detect 19 cephalometric landmarks using
Faster R-CNN algorithm based on application of ResNet50 with
FPN as backbone network. The performance is based on accuracy
rate under the clinical accepted range 2mm and detection rate .
The rest of this paper is organized as follows, Section 2 represents
the literature research, Section 3 is the research focus, Section 4
proposed approach, Section 5 experiment layout, Section 6 results
and discussion and Section 7 concludes the study.

Figure 1: Image of a skeleton with identified 80 landmarks,
taken from an article by Wang et al. [7].

2 LITERATURE REVIEW
In this section we discuss the proposed model literature and the
state-of-art in related studies. Recent studies have applied the two
branches of AI deep-learning methods, one stage and two stage



methods, in identifying the cephalometric landmarks. Faster R-CNN
belongs to the two-stage object detection family.

Two-stage object detection method: Li et al. [6] elaborates
on how Faster R-CNNwas developed. Started with R-CNN, a region-
based CNN detector, which extracted features on proposed regions
using CNN, and feed the output to SVM classifiers respectively
and to the regressor to tighten an objects bounding-box. Because
R-CNN was too slow, Fast R-CNN enhanced the rate by extracting
features before proposing regions and replacing SVM classifier algo-
rithm with the softmax layer, expanding the networks predictions.
However the slow production of region proposal was improved by
the RPN combined with Fast R-CNN algorithm in Faster R-CNN
[8]. Faster R-CNN had a higher precision rate but slow computing
speed, because of low computing speed it cannot be classed as a
real-time algorithm.

However, Shadab et al. [9] proposed Faster R-CNN can success-
fully detect features on objects and suggested a large dataset would
improve the results. Park et al. [3] proposed a comparison in applica-
tion of one stage method algorithms You-Only-Look-Once version
3 (Yolov3) and Single Shot Multibox Detector (SSD) methods. How-
ever they concluded SSD was outperformed by Yolov3 in terms of
speed and accuracy in detecting cephalometric landmarks and that
Yolov3 outperformed the top benchmarks in the study, Random
Forest-Voting. A research based on landmark detection revealed
that the Random Forest method identified 19 landmarks in a small
span of time [7]. Reinders et al. [10] concluded that Faster R-CNN
produced great results in detecting in-depth even smaller features
even with small datasets. Recent studies revealed that an improved
Faster R-CNN method, CephaNet is 6 % more accurate than other
deep learning methods including Faster R-CNN in cephalometric
landmark detection [2], however in the most recent study Song
et al. [11] proposed a two step deep-learning method, that utilizes
a pre-trained ResNet50 backbone and concluded the method out-
performs other benchmark results. From the previous papers, we
can tell that Faster R-CNN outperforms other algorithms when it
comes to detection of smaller objects, how ever some algorithms
like Yolov3 have a higher succession rate. Recent studies, believe
errors AI encounters in the process of detecting the landmarks are
the same as of a human which maybe caused by poor image quality,
unclear images or bones overlapping [7, 9].
This study will assist in the research of obtaining a good enough
cephalometric landmark detection model to simplify the dentistry
life saving time and producing results that are not biased. The aim
of this study is to detect 19 cephalometric landmarks using Faster
R-CNN deep learning neural network.

3 RESEARCH FOCUS
In this section we elaborate on the main aspect of our research.
Cephalometric landmark detection is an analysis of tracings on
cephalograms, utilized in ortho medicine and related fields. Since
automated landmark identification algorithms and methods were
introduced within the 1980’s [10], several deep-learning methods
have been suggested and approved for clinical use like advanced
Faster R-CNN.
From the literature review, recent studies have been using both

machine learning and deep-learning algorithms to detect the land-
marks on cephalograms. However, it has been found that Faster
R-CNN is more accurate in small object detection than all the meth-
ods within the same framework and when advanced CephaNet, the
algorithm outperforms the rest also the application of ResNet50
backbone network has been concluded to producing outstanding
landmark detection performance. Figure 2 shows Faster R-CNN
architecture. The model consists of a feature extraction network,
Region Proposal Network (RPN) and object detection network. In
this paper we used transfer-learning, by applying pre-trained CNN
classification network, ResNet50 with FPN to extract feature maps
from the images, removing the last layer. The RPN network is ap-
plied on the obtained feature maps, by generating predictions of
regression boxes called Region of Interest (RoI) which have high
probability of containing the landmark and the classification scores.
Lastly the object detection network which takes the obtained fea-
ture maps and RPN, and generated the final bounding box and class
[12].

Thus in this study, we advanced the model Faster R-CNN by
using ResNet50 with FPN.

4 PROPOSED APPROACH
In this section we elaborate on the approach we applied on the
proposed model, Faster R-CNN in detecting the cephalometric land-
marks on cephalograms.

4.1 Description of the Architecture
In this subsection we discuss in depth the architecture of the pro-
posed model shown in Figure 2. We used ResNet50 with FPN for
the backbone network. Figure 3 [5] displays the feature extraction
network. Images are served as input and a set of feature maps are
obtained from each residual block last stage, then the FPN network
combines high-resolution, semantically weak features which are
obtained from the bottom residual blocks excluding the initial block,
with low-resolution, semantically high features which are obtained
from the top residual blocks, building a rich semantic representation
of the features at all scales [5]. The RPN network obtains the gener-
ated feature maps. The network uses anchor boxes to generate the
initial bounding boxes, a large set of squares corresponding to the
given scale and ratio which are used as reference when predicting
the locations of the landmarks. The RPN uses the obtained anchors
to output un-classed landmarks proposals. The Faster R-CNN algo-
rithm reuses the feature maps to extract fixed-portion feature maps
for each landmarks proposal using RoI pooling which are passed
to the CNN network for classification. The CNN network classifies
the obtained landmark proposals and adjust the bounding boxes
and outputs the score for each landmark detected and bounding
box.

4.2 Procedure
Figure 4 shows the process we followed in obtaining the results. The
pre-processed data was split into training, validation and testing
datasets to be fed into learning and testing phases respectively. The
training and validation datasets were used to train the model in
the learning phase and the testing dataset was used to test on the
obtained model’s results based on accuracy rate and succession
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Figure 2: Faster R-CNN architecture.

Figure 3: ResNet50 with FPN network.

rate. The obtained accuracy is recorded as point-to-point errors by
calculating the square distance values between the corresponding
identified landmark and the ground truth positions and the scores
are weighted for succession rate.

4.3 Dataset
In this study we employed a dataset of 400 cephalometric X-ray
images from the IEEE International Symposium on Biomedical
Imaging Challenge (ISBI-2015) [7] collected from 400 patients with
dimensions of 2400 x 1935 pixels. The landmarks on the dataset
were manually identified by qualified orthodontists and use of land-
mark identification software V-Ceph. We splitted the data between
learning and training phase, 300 cephalometric images were used
for learning and 100 cephalometric images were used for testing.

4.4 Research Instruments
We used Windows 10 operating system with the following specifi-
cations:

• 8 Gigabyte RAM

• Intel Core i5 CPU
• 500 Gigabyte SSD

The system was coded in Python 3 on Google Colaboratory envi-
ronment, running NVIDIA-SMI 450.36.06, Driver Version: 418.67
and CUDA Version: 10.1, using Pytorch tools, Tensorflow 2, PIL
library , Numpy library, Pandas library, and Matplotlib library. The
systems have been modelled based on Goswami [12].

5 EXPERIMENT
In this section we elaborate on the implementation of the network.

5.1 Implementation
In this subsectionwe describing howwe implemented the algorithm
based on Pytorch, following figure 4, we started by pre-processing
the cephalometric dataset images, resizing and rescaling the land-
marks. Then we formated the data in Pytorch dataset class to feed
into the model for all the different datasets, which include training,
validation and testing datasets for their respective phases.

5.1.1 Pre-processing:
The dataset was composed of two folders containing the land-
marks and a total 400 images respectively. Nineteen landmarks
were manually recorded by qualified orthodontists, and we served
them as inputs in the learning processes with corresponding im-
ages. Because the initial image sizes of 2400 x 1935 pixels were too
big to feed into the model and for best deep-learning and efficient
learning time we resized the images to a targeted size of 400 x 400
pixels. We set the resample to zero in order the maintain the as-
pects of the images, resulting to the same pixel sizes where 1 pixel
equals to 0.01 mm. The rescaled images corresponding landmarks
were positioned by multiplying the respective coordinates with
width ratio and height ratio respectively. Figure 5 shows an original
cephalogram and a rescaled cephalogram. We formatted the data
into Pytorch dataset, using target. For bounding boxes, since the
algorithm struggles to identify smaller objects, we used a value less
than 5 to define the area of the landmarks, that is each landmark
coordinate variable was either increased or decreased by that value
to improve detection accuracy. For labels we used all ones, since
we were identifying one class, which is landmarks. The area was
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Figure 4: Process.

Figure 5: First frame, is the original image and the second frame is the pre-processed image.

extracted from the bounding boxes and the image id was defined
in the code.

5.1.2 Learning phase:
To train the model, we used the stochastic gradient descent (SGD)
optimizer with learning rate 0.008, momentum 0.9 and weight decay
0.0005 over 50 epochs. To avoid underfitting we used learning
rate scheduler with step size 10 and batch size of 2. The system
calculated the Intersect over Union (IoU), a metric that evaluates
how similar the predicted landmark bounding box is to the ground
truth landmarks bounding box, using ground-truth bounding box
values and the proposals. Proposals with IoU between 0.1 and 0.5
were labelled as background and proposals with IoU greater than
0.5 were labeled as the ground-truth bounding boxes.

5.1.3 Testing phase:
We used Non-Maximum Suppression (NMS) to obtain bounding
boxes with higher accuracy closer to the ground truth based on
the threshold we defined in the code. The landmark detection ac-
curacy obtained was recorded as point-to-point error as shown in
section 5.2 by calculating the square distance values between the
corresponding identified landmark and the ground truth landmarks
positions, firstly by either subtracting or adding the value we used
to defined the bounding box area to get the center coordinates
which are the landmark coordinates. The obtained landmark coor-
dinates were used to calculate the accuracy rate and to determine
the succession rate.
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Figure 6: Landmark detection range for orthodontist 1.

Figure 7: Landmark detection range for orthodontist 2.

5.2 Evaluation measures
According to IEEE International Symposiumon Biomedical Imaging
Challenge (ISBI-2015), we obtain the detection accuracy by using
the Equation 1 point-to-point error, where △x and △y are the land-
marks coordinates for the predicted landmarks and ground-truth
landmarks.

𝑅 =

√
△𝑥2 + △𝑦2 (1)

Equation 2 calculates the average point-to-point error, where n is
the number of landmarks.

𝑀𝑅𝐸 =

∑𝑖=1
𝑖=𝑛 𝑅𝑖

𝑛
(2)

Equation 3 calculates the succession rate, where 𝐷𝑎 are successful
detections and 𝐷 is the sum of all detections [11].

𝑆𝐷𝑅 =
𝐷𝑎

𝐷
∗ 100 (3)

6 RESULTS AND DISCUSSION
In this section we observe and discuss the obtained results.

6.1 Results
The results were obtained based on both orthodontists which we
will we refer to as data 1 and data 2 for junior orthodontist and
senior orthodontist, respectively. After 50 epoch the learning rates
for both tests decreased from 0.008 to 0.000001. Table 1 shows the
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Figure 8: Landmark object detection for orthodontist 1. Left image, bounding box predictions. Right image, landmarks predic-
tions.

Figure 9: Landmark object detection for orthodontist 2. Left image, bounding box predictions. Right image, landmarks predic-
tions.

obtained testing results and evaluation results in a table format. We evaluated a range of z mm, where z = 2,2.5 based on the point-to-
point error under the clinical accepted range. Figure 6 & 7 show the
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Landmark detection tests

Performance Test 1 Test 2

Accuracy rate 91.92 % 90.97 %

Succession rate 97.53 % 97.26%

IoU back-
ground metrics

0.59 % 0.56%

IoU ground-
truth metrics

0.25 % 0.21%

Table 1: The performance results obtained from the tests.

detection range z for all the landmark for data and 2 respectively.
Figure 8 & 9 preview a sample of cephalogram image, with green
boxes representing ground-truth and red boxes representing the
predicted bounding boxes respectively to the landmarks.

6.2 Discussion
To detect the landmarks we used bounding boxes and increased
the area by a value less than 5 to increase accuracy detection rate.
We then advanced the Faster R-CNN algorithm network by using
ResNet50 with FPN network, which increased the semantic repre-
sentation of the features in all multi-scaling levels and from the
obtained results the network has shown improvement. To calcu-
late the landmarks, we subtracted the value we added initially to
increase the area and we got the center coordinates for both the
ground-truth and predicted bounding boxes which presented our
ground-truth landmarks and predicted landmarks. The obtained
results from both tests did not show much difference. Table 1 IoU
evaluation background metric and ground-truth metric, the ob-
served difference could have been caused by overlapping of the
bounding boxes due to different landmark coordinates. With accu-
racy rate, the mean point-to-point error, and succession rate within
the z range, data 1 outperformed data 2. Application of ResNet50
with FPN network, increased the semantic representation of the fea-
tures in all multi-scaling levels has shown improvement as shown
in Figure 8 & 9 which display the variation and difference in land-
marks, the correctly detected landmarks and those that are not
correctly detected.

7 CONCLUSION
The objective of this study was to detect 19 cephalometrics land-
marks using Faster R-CNN.We advanced themodel by using ResNet50
with RPN and increased the bounding-box area which improved
the model detection performance. The obtained results proved that
this study performed well with an average of 90% in detection and
succession rate for both orthodontists.

The challenges we faced include the internet-based environment
we used, that required constant access to the internet and is limited
to work on for 12 hours, after 12 hours the GPU became inactive
for a period, which was a challenge in term of working time limit.
We also tried to augment the images either by flipping, cropping,

shifting or zooming lead to a challenge of finding the newly cor-
responding landmarks after the augmentation. In terms of future
work, there is still a need to improve Faster R-CNN performance by
increasing the dataset, and use of a more powerful computational
platform might improve the detection and succession rate.
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