
Faster R-CNN and YoloV3 Based Landmark Detection Of
Cephalometric Landmarks

L.C Tabata
3678013@myuwc.ac.za

Computer Science Department
University of the Western Cape

Bellville, Western Cape

ABSTRACT
The objective of this study is to compare the results obtained be-
tween two deep-learning algorithms in identifying cephalometric
landmarks on 2D cephalograms (X-rays) using an automated iden-
tification system, Artificial Intelligence (AI). The comparison is per-
formed on two deep-neural networks a proposal algorithm Faster
Region-based Convolutional Neural Network (Faster R-CNN) and a
regression-based algorithm You Only Look Once version 3 (Yolov3).
Both algorithms are trained and tested on a dataset provided by
the University of the Western Cape, Department of Dentistry and a
dataset presented in the IEEE International Symposium on Biomed-
ical Imaging Challenge (ISBI-2015) combined. The detection was
based on their performances, in terms of accuracy under the ac-
cepted accuracy range of 2mm and the detection rate for clinical use.
Null hypothesis was that Faster R-CNN will have a high precision
rate and Yolov3 will have a higher succession rate.
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1 INTRODUCTION
Cephalometric landmarks are tracings of anatomical features of
a 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, see figure 1. Before application of AI in landmark
detection, qualifying dentistry practitioners had to identify the
landmarks manually through tracings. The manual process was not
efficient it was time-consuming, the obtained results were biased
and lead to observation and analysis errors. The application of deep-
learning algorithms in the medical field in imaging is emerging. Re-
searchers claim that Convolutional Neural Network (CNN) demon-
strates as a cost-effective, labour-saving and powerful method in
cephalometric metric landmark identification [2]. An increase in
computational capacity and development of new advanced CNN
algorithms improved reliability, accuracy and efficiency [3]. Present
studies proposed frameworks of deep-learning algorithms in CNN
namely Faster R-CNN and Yolov3. Faster R-CNN is based on Region
Proposal Network (RPN) single network that is a combination of
region proposal mechanism and CNN classifier. Faster R-CNN relies
on powerful GPU computing power [4] and has a high detecting
precision rate but lower computing speed. Yolov3 is not based on
RPN, however predicts the bounding-boxes without generating
object proposals. Yolov3 has a lower detecting precision rate but

faster computing speed due to the network structure. However,
previous studies in landmark detection [5] propose that an increase
in dataset might improve the performances of the algorithms, Faster
R-CNN and Yolov3. The aim of this study is to compare the results
obtained between two deep-neural networks Faster R-CNN and
Yolov3 in identifying 80 cephalometric landmarks based on per-
formance categorized into accuracy under the clinically accepted
range 2mm and detection rate.

Figure 1: Image of a skeleton with identified 80 landmarks,
taken from an article by Park et al. [3].

2 LITERATURE REVIEW
Recent studies, believe errors AI encounters in the process of de-
tecting the landmarks are the same as of a human which maybe
caused by poor image quality, unclear images or bones overlapping
[6, 7] . Use of AI suggests that deep-learning is divided into two
branches:

Two-stage object detection method: Li et al. [8] elaborates
more on how R-CNN was improved. It began with R-CNN, 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
[9]. 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.

One-stage object detection method: According to Kathuria
[10], it begins with Yolo, which generated multi bounding-boxes
and class probabilities at the same time, but new models outper-
form it in terms of accuracy. Yolov2 introduced Darknet-19, 19
layered network, omitting the fully-connected layer, to improve
accuracy, but struggled to detect small features. Yolov3 introduced
Darknet-53, 53 layered network, increasing accuracy but slower
than Yolov2 [11]. However, Yolov3 still had a low precision rate
especially targeting smaller features and high computing speed
due to its structure [3]. This method also includes SSD, but Xu [7]
concluded it was outperformed by Yolov3 in terms of speed and
accuracy in detecting cephalometric landmarks.

Recent studies revealed that an improved Faster R-CNN method,
CephaNet is 6 % more accurate than other deep learning meth-
ods including Faster R-CNN in cephalometric landmark detection
[2] and a research based on landmark detection revealed that the
Random Forest method identified 19 landmarks in a small span of
time [12]. Reinders et al. [13] concluded that the Machine Learning
good enough landmark detection algorithm Random Forest-Voting
[3] and Faster R-CNN produced adequate results and they had an
ability to detect in-depth even smaller features even with small
datasets. Shadab et al. [5] concluded both algorithms , Faster R-
CNN and Yolov3 can successfully detect features on objects and
suggested a large dataset would improve the results. 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 are not biased. The aim of this study is to
compare the results obtained between two deep learning neural
networks Faster R-CNN and Yolov3 in detecting 80 cephalometric
landmarks.

3 RESEARCH FOCUS
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 [14], several deep-learning methods
are suggested and approved for clinical use like advanced Faster
R-CNN and Yolov3.

From the literature review, recent studies are using both machine
learning and deep-learning algorithms so detect the landmarks on
cephalograms. However, it has been found that Faster R-CNN is
more accurate in landmark detection than all the methods within
the same framework. Faster R-CNN uses CNN to extract feature
maps from the image once off, the RPN generates predictions from
the maps. Region of Interest (RoI) pooling is applied to extract fea-
tures that correspond to the landmarks, then that information is
assessed and classified and also the bounding boxes are preserved
and attached to the image boundary, see figure 2. Park et al. [3]

concluded that Yolov3 is better than SSD when it comes to accu-
racy and detection rate making it the better ones in the framework.
Yolov3 uses base feature extractor Darknet-53 to extract features
from the image, CNN layers added to the extractor predicts the
bounding boxes and class predictions, see figure 3. Faster R-CNN
has a high precision rate and Yolov3 has high computing speed.
Qian et al. [2] in the results showed that they have compared the
CephaNet method with Faster R-CNN and the accuracy difference
was 6 %, not a big difference. From the surveyed literature review
it is evident that Faster R-CNN is more accurate than Yolov3 and
Yolov3 has a higher computation speed than Faster R-CNN in land-
mark detection. Reinders et al. [13] suggested that Faster R-CNN
and Random Forest Voting algorithm produced adequate results.

Thus in this study, we compare both Faster R-CNN and Yolov3
because it has not been done in the literature and the results we
obtain can be used to find a method that is good enough to detect
cephalometric landmarks on cephalograms. We will learn and test
the dataset of cephalograms on the models and weight the results.

4 PROPOSED APPROACH
4.1 Dataset
In this study we’ll be employing a dataset of 100 cephalometric
X-ray images obtained from the University of the Western Cape,
Dentistry department combined with the dataset of 400 cephalo-
metric X-ray images from the IEEE International Symposium on
Biomedical Imaging Challenge (ISBI-2015) [? ]ollected from 400
patients, totaling to a dataset of 500 images. The landmarks on the
dataset were manually identified by qualified orthodontists and use
of a landmark identification software V-Ceph. The dataset was split
into 80/20, were 80 % of the cephalometric images (400) are used
for learning and 20 % of the cephalometric images (100) are used
for testing.

4.2 Systems
The two systems one based on Faster R-CNN [16] and the other
based on Yolov3 [17], were coded in Python on Ubuntu 18.04.4 LTS
running server. Learning data of of 400 images for the learning
algorithms. 80 landmarks manually recorded served as inputs in
the learning processes.

The images were resized from the original sizes to the targeted
size of 608 x 608 pixels for best deep-learning. During the learning
processes each cephalogram image is processed through CNN with
its corresponding landmark label for both algorithms, Faster R-CNN
and Yolov3.

4.3 Procedures
To test for detection rates and accuracies between the systems, the
20 % testing dataset is used. The accuracies obtained are recorded
as point-to-point errors by calculating the square distance values
between the corresponding identified landmark and the ground
truth positions. We present the obtained errors with 95 % confi-
dence ellipses based on chi-square distribution [18–20] and a two-
dimensional scatter-gram for each landmark. The detection rates
were reported as the average processing speeds to identify the 80
cephalometric landmarks on a cephalogram image and for accuracy,
the results obtained were compared with those obtained and used

2



Figure 2: Faster R-CNN process.

Figure 3: Yolov3 precess.

in the literature in identifying 19 cephalometric landmarks, (2, 2.5,
3, 4) mm ranges [12]. Statistical analysis were obtained using the
R language. We applied a t-test with the probability of 0.05 with
correction of alpha errors Bonferroni to compare the difference in
the errors obtained from testing data between the algorithms Faster
R-CNN and Yolov3.
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