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Abstract: Teeth segmentation plays a pivotal role in dental diagnosis, treatment, planning, and the 
development of computer-aided dental systems. It enables precise identification and analysis of dental 
structures, aiding in detecting dental abnormalities, measuring tooth dimensions, and assessing oral health 
conditions. Accurate teeth segmentation also facilitates the automation of dental workflows, leading to 
improved efficiency and reduced human error. Artificial Intelligence (AI) has witnessed rapid advancements, 
with various approaches developed or enhanced. While Convolutional Neural Networks (CNNs) have been 
widely used in medical image segmentation, the U-Net architecture has emerged as a standout performer due 
to its exceptional segmentation capabilities. This paper presents a proof of concept for the Attention U-Net 
architecture, as previously used in [1], applied to teeth segmentation. The study demonstrates the superior 
performance of this network in accurately segmenting teeth using a newly available benchmark dataset called 
Tufts Dental X-Ray Dataset. When trained and tested on 10-fold cross-validation, the model achieved an 
average dice coefficient of 95.01%, intersection over union of 90.6%, and pixel accuracy of 98.82%. These scores 
surpass those of all other networks implemented on the same dataset. By leveraging the Attention U-Net 
architecture, our research showcases the potential of advanced AI techniques in dental radiography. The 
findings contribute to the ongoing efforts to develop automated systems to assist dental professionals in their 
clinical practice. 

Keywords: U-Net; attention U-Net; panoramic radiographs; teeth segmentation; convolutional 
neural networks; deep learning 

1. Introduction

In clinical practice, Radiographs are a common diagnostic tool and a standard imaging system 
frequently employed in treating tooth loss due to their cost-effectiveness. Another reason to use 
panoramic X-rays is that they capture a wide range of the maxillomandibular region, resulting in 
richer contextual information. In addition, it has a lower radiation rate than other methods [2]. With 
the help of panoramic radiographs, dentists can discover various dental problems like bone 
abnormalities, cavities, hidden dental structures, and post-accidental fractures that are hard or nearly 
impossible to detect with visual scrutiny [3]. Thus, dentists can leverage such tools to establish an 
appropriate treatment plan for each patient. The analysis of radiographs may be contracted to 
dentists in certain circumstances due to the nature of the analysis done on the panoramic X-rays being 
done manually. Such practice is time-consuming and requires a certain level of expertise to segregate 
relevant dental features from irrelevant ones like jaw bones, nasal bones, and spine bones [4]. 
Contradictions may occur due to the variation present in the level of expertise from one dentist to 
another. The agreement rate (an alternative for dentists' diagnostic performance) of professionals' 
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analysis of radiographs seems to vary in part due to personal knowledge, biases, and skills [5,6]. The 
irregularity of professional dentists' abilities to interpret radiographs could cause misdiagnosis and 
mistreatment in some cases [7,8]. 

Many automated systems have been developed to overcome such complications; some systems 
utilized classical machine learning techniques such as active contour [9], Bayesian methods [10], and 
support vector machines [11] with hand-crafted features. The design of hand-crafted features has a 
huge negative impact on the performance of the abovementioned algorithms. On the other hand, 
deep learning approaches made a breakthrough in creating automated systems and, as a result, had 
a superior performance compared to the classical machine learning algorithms. Convolutional Neural 
Networks are the mainly used network in interpreting imagery data because it possesses many 
advantages like connectivity, weight sharing, and down-sampling, effectively reducing the number 
of parameters and speeding up convergence [12].  

Architectures like U-Net [13] and DeepMedic [14], which are categorized as Fully Convolutional 
Networks [1], are specially built to handle medical images of various medical domains. One popular 
task in computer-aided diagnosis is medical image segmentation, which involves making anatomical 
or pathological structure changes more protruding in embodiments [15]. Popular medical image 
segmentation tasks include liver-tumour segmentation [16], brain segmentation [17], and cardiac 
image segmentation [18]. Many of these tasks utilize the U-Net architecture, which has shown an 
ideal performance in the segmentation domain. Other improvements were made to this architecture, 
like redesigning it to be a nested-like architecture [19] or to be self-adaptable [20] U-Net is a 
framework rather than an architecture due to its ample room for customization, which leaves it a 
good option to combine it with newly arising mechanisms [14]. The main purpose of this study is to 
utilize the attention module in U-Net architecture to help optimize the teeth segmentation quality on 
the TUFTS benchmark dataset and later be assigned as an axillary tool to aid experienced general 
dentists as well as novice practitioners in learning to analyze panoramic x-rays without the problem 
of bias or misdiagnosis that is resulted from the diversity of practitioners' domain knowledge. The 
rest of the paper goes as follows: 2) discusses related work of previous methods proposed in teeth 
segmentation, 3) material and methods, 4) experiment results, 5) discussion of the conducted study 
and further improvements. 

2. Related Work 

2.1. U-Net Approaches 

Since the creation of U-Net [13] in 2015. Various studies have been conducted on it, proving its 
effectiveness in detecting and segmenting visual medical data. U-Net has had a lot of variations until 
now, with some authors using a batch normalization layer in its encoder part to get better stability or 
other ingenuine strategies that helped to enhance U-Net's performance in the task in question. 

L. F. Machado et al. [21] solved the problem of mandible bone segmentation on panoramic X-ray 
images. Where in their study, they considered two datasets. The first dataset contained 393 images 
of radiographs and their respective segmentation mask; the second one was a publicly available third-
party image dataset comprising 116 images and segmentation mask pairs. They trained four 
networks using U-Net and HRNet architectures without data augmentation (DA) and then used 
morphology refinement (MR) to enhance the model's prediction. The ensemble model comprises U-
Net + MR, U-Net+DA+MR, HRNet+MR, and HRNet+DA+MR. In their individual deep learning 
models section, they mentioned that U-Net and U-Net+DA models achieved the highest 
performances after morphological refinement on both training and validation sets. The effectiveness 
of the morphological refinement strategy has been demonstrated in their study, and it shows that it 
is a good strategy to consider when training. C. Rohrer et al. [22] also used U-Net with a pre-trained 
encoder to investigate the problem of dental restoration segmentation. The authors' study 
demonstrated how models trained on small, equally cropped rectangular images (tiles) of panoramic 
radiographs would outperform models trained on the full image. Their dataset had a total of 1781 
panoramic radiographs. They used different numbers of tiles for their experiments, concluding that 
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the model's performance improved with a higher number of tiles. The study's proposed approach is 
that the tiling strategy effectively enhances the detection performance when tailored to other 
applications, as it can detect less frequent features that might go missing from the bigger image. I.-S. 

Song et al. [23] aimed to evaluate the performance of deep learning models based on CNNs 
(Convolutional Neural Networks) for apical lesion segmentation from panoramic radiographs. They 
trained a U-Net on a dataset consisting of 1000 radiographs in total. Their study showed the potential 
of utilizing deep learning models to segment apical lesions and how U-Net's performance 
demonstrated such an incredible performance in this specific task. Rini Widyaningrum et al. [24] Used 
two approaches for segmenting periodontitis staging by using Multi-Label Unet and Mask R-CNN, 
which were previously trained to perform other tasks (I.e., transfer learning). The authors' dataset 
contained 100 panoramic radiographs. The Multi-Label Unet performed better than the Mask R-
CNN. Later, the authors concluded that Multi-Label U-Net gave off superior segmentation 
performance to that of Mask R-CNN, and they further recommended using Multi-Label Unet with 
other techniques to develop more powerful hybrid models for automatic periodontitis detection. 

2.2. Attention-Based and Transformer Based 

Attention is commonly used in machine translation [25], learning on graphs [26], and visual 
question answering [27]. Numerous types of attention mechanisms .for example, hard attention 
which determines a part of the input should be considered by assigning binary weights of either 0 or 
1. A weight of 1 indicates that the input element is deemed important, while a weight of 0 means it is 
considered unimportant. By assigning binary weights, the parameter update process becomes non-
differentiable as slight weight changes do not result in smooth transitions or gradients that can be 
used for gradient-based optimization (e.g., Stochastic gradient descent or adaptive moment 
estimation). Hard attention was incorporated to focus on meaningful areas in forensic dental 
identification [28]. On the other hand, soft attention follows the same process with the difference of 
using SoftMax functions to calculate weights resulting in a differentiable and deterministic attention 
process. 

Another type of attention, called "self-attention", allows the inputs to interact with each other 
"self" and determine what they should pay attention to more. Compared to other attention 
mechanisms, the main advantage of self-attention is the parallel computing ability for a long input, 
which results in much more expensive computations and more training data. Self-attention was one 
of the main reasons for the emergence of transformers in the Natural Language (NLP) domain which 
had a huge impact on benchmarking language model due to it being a cutting-edge technology that 
is now state-of-the-art in the NLP domain. The transformer model was primarily developed for 
neural machine translation by A. Vaswani et al. [25] and then later modified by A. Dosovitskiy et al. [29] 
to work on visual data making the idea of multi-headed self-attention possible for images without 
the use of convolutions. Since then, there have been numerous variations of transformer model used 
for computer vision applications like image classification, object detection, and image segmentation. 
A. Almalki and L. J. Latecki [30] utilized newly emerging self-supervised deep learning algorithms like 
Sim-MIM and UM-MAE to increase their model's efficiency and understating of a limited number of 
dental radiographs. The model they used in their study was the Swin Transformer, one of the most 
impactful variations of the transformer model. 

Moreover, they used data augmentation and corrected the existing panoramic radiograph 
dataset, which contains 543 annotated examples they are using for their study. They further discuss 
the problems with their dataset and how they will try to overcome them by modifying and correcting 
the teeth instance segmentation and overlapping in all images. They also contributed to further 
expanding the dataset under the supervision of a dentist by developing ground truth segmentation 
for dental restorations, including direct and indirect restorations and root canal therapy. Their results 
showed that parameter tuning, including mask ratio and pre-training epochs, is useful when 
applying SimMIM pre-training to the dental domain. Furthermore, their correction of the dataset's 
annotation significantly improved their results. 
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Having explored the principles and some applications of self-attention and hard attention, we 
now turn our attention back to the concept of soft attention, as it forms the primary focus of our study. 
W. Li et al. [31] aimed to combine U-Net architecture's convolutional block with a channel-based 
attention module that uses soft attention for weight calculating. In addition, the authors designed an 
attention U-Net model for segmenting caries and teeth in a bite-wing radiograph. The Attention U-
Net model was trained on a total of 652 images and then compared with several architectures (e.g., 
PSPNet, DeepLabv3+, and U-NET models), and the experimental results showed that the proposed 
model outperformed them all. Later they discussed the feasibility of deep learning models as an 
axillary tool for dentists to aid them in detecting caries. P. Harsh et al.[32] also used channel-based 
Attention U-Net that uses an attention block called Squeeze and excitation (SE) which is known to 
enhance a fully convolutional network's performance by filtering the relevant and impactful channels 
only, which is a similar mechanism to the one used in [31]. The proposed model was trained and 
tested on the UFBA-UESC dental image dataset containing 1500 dental X-ray images. The 
performance of the model was superior when compared to other methods. 

Channel-wise attention in U-Net is extendable to other applications and is sometimes mixed 
with spatial attention [33]. However, it collects features on a global scale for the input. Different types 
of attention mechanisms adapted for the U-Net architecture, such as grid-based attention gate [1], 
which calculates attention coefficients on a local scale allowing more fine-grained output, and it has 
shown great performance in tasks like pancreas segmentation [1], deforestation detection[34], and 
ischemic lesion segmentation in the brain [35] but has not yet been applied to any dental segmentation 
task as to our knowledge.   

2.3. Other Approaches 

In some cases, authors refer to other types of networks to achieve better segmentation results; 
some authors may create a novel network that best suits the discussed task. Keep in mind that the 
choice has a lot of key factors, ranging from the chosen framework used to develop the network to 
the data quality and computational resources. Some segmentation tasks in the dental domain require 
more complex networks with additional layers or a different training setup to achieve promising 
results. 

Dayi et al. [36] evaluated the diagnostic performance of deep learning models for the 
segmentation of occlusal, proximal, and cervical caries lesions on panoramic radiographs. Their data 
consisted of 504 anonymous panoramic radiographs. The authors proposed a custom network for 
dental caries segmentation called Dental Caries Detection Network (DCDNet). As mentioned in the 
study, the architecture is an encoder-decoder that uses pre-trained backbone networks. The main 
difference between their proposed network and other segmentation networks is that the last part of 
the network contains a Multi-Predicted Output (MPO) structure which splits the final feature map 
into three different paths for detecting occlusal, proximal, and cervical caries. 

On the other hand, Nafi'iyah et al. [37]. Alleviated the problem of mandibular segmentation using 
an ensemble of three MobileNetV2 networks trained on 106 panoramic radiographs while addressing 
the main drawbacks of previously existing mandibular segmentation methods (e.g., they cannot 
completely represent the mandible.). The authors conducted several experiments with different 
networks, including U-Net, MobileNetV2, ResNet18, ResNet50, Xception, InceptionResNet V2, and 
MobileNetV2 turned out to be better than all networks. However, its results still needed to be clarified 
on the coronoid and mandibular condyles, hence the use of the ensemble, which achieved an excellent 
result in their research. Similarly, Arora et al. [38] used a model based on an encoder-decoder 
architecture. Its encoder part contained several types of CNN-based models to exploit each network 
and combine their output to generate a fine-grained contextual feature for teeth segmentation. The 
authors trained and tested the model on a dataset of 1500 radiographs. Their proposed method uses 
fewer parameters when compared to state-of-the-art models mentioned in their study while also 
outperforming them. 
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2.3. Comparison of Different Attention Modules 

There exists numerous attention modules used in fully convolutional networks and have been 
incorporated by previously mentioned literature [31,32,33] . one of which is "Squeeze-and-Excitation" 
[39], which is a Channel-based attention module that involves squeezing the spatial dimension of the 
input feature map as it produces an attention map by exploiting the inter-relationship of features. 

As shown in Figure 1, the Average-pooling operation is first used to aggregate spatial 
information of a feature map resulting in a spatial context descriptor for average-pooled features 
denoted by 𝑭௔௩௚௖ .The descriptor is passed through a dense layer, then through a non-linearity 
activation function (ReLU) and then through another dense layer, followed by a sigmoid activation 
function that gives each channel a smoothing gating function. Finally, each feature map is weighted 
based on the side network. The name "Squeeze-and-Excitation" comes from the squeezing that 
happens by the max-pooling operation and the excitation that happens by weighting the original 
feature maps with the side network. 

 

Figure 1. A schematic showing the "Squeeze-and-Excitation" attention module [39]. 

Another type of attention mechanism used in fully convolutional networks is the CBAM 
attention module [40] which consists of two submodules. The first submodule is a channel attention 
module shown in Figure 2 (the green box), which has the same purpose as the Squeeze-and-Excitation 
attention module and somehow follows the same structure. It consists of Average and Max-pooling 
operations which are first used to aggregate spatial information of a feature map resulting in two 
different spatial context descriptors, one for average-pooled features denoted by 𝑭௔௩௚௖  and one for 
max-pooled features denoted by 𝑭௠௔௫௖  . 

 

Figure 2. A schematic showing the Convolutional Block Attention Module (CBAM) [40]. 

Both descriptors are passed through a shared multi-layer perceptron (MLP) network comprised 
of one hidden layer to produce the attention map 𝑴௖ ∈ ℝ஼×ଵ×ଵ , where 𝐶 is the number of channels. 
the hidden layer's activation is set to ℝ஼/௥×ଵ×ଵ , where 𝑟 is the reduction ratio. After passing both 
descriptors through the MLP network, the intermediate output of the network for both descriptors is 
passed through a non-linearity activation function (ReLU). Then the final output is merged using 
element-wise summation and scaled with a sigmoid activation function. The whole process is shown 
in Figure 3. 
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Figure 3. A schematic showing the submodule (Channel Attention Module) of the Convolutional 
Block Attention Module (CBAM) [40]. 

The second attention block is the spatial attention module shown in Figure 2 (the blue box), 
which also utilizes max and average-pooling operations to extract refined features denoted by 𝑴௦They are scaled with a sigmoid activation function, as shown in Figure 4. 

 

Figure 4. A schematic showing the submodule (Spatial Attention Module) of the Convolutional Block 
Attention Module (CBAM) [40]. 

Both attention channels 𝑴௦  and 𝑴௖  Are utilized to refine the input convolutional channels 
successively. The input is first multiplied element-wise with 𝑴௖  Then the output tensor of that 
operation is then multiplied element-wise with 𝑴௦ Last but not least, the output of that sequential 
process is multiplied element-wise with the original input channel, resulting in fine-grained feature 
maps. The whole process of the CBAM is shown in Figure 2. 

Both Attention modules enhance the quality of the feature refinement, but both modules suffer 
from limited modelling of long-rage dependencies that span across the entire input.  

2.4. Motivation 

Much work has adopted the U-Net architecture for dental segmentation tasks due to its 
superiority in the segmentation task. However, teeth segmentation can be difficult due to the spatial 
features of the panoramic radiographs. Some works have used morphological refinement and other 
attention-based techniques to address this problem. While previous works in the literature of 
attention-based methods have only employed channel-based attention, no previous work has 
explored using a grid-based attention mechanism [1]. Furthermore, the variation in datasets used in 
previous works is due to the lack of a publicly available benchmark dataset collected with proper 
data collection protocols. This paper tests the attention U-Net architecture based on [1] and shows its 
superiority in teeth segmentation on a publicly available benchmark dataset from the TUFTS School 
of Dentistry. The contributions of this work can be summarized as follows: 

• Improving over the baselines trained and tested on the dataset [41]. 
• Demonstrating the superiority of attention U-Net [1]. 
• Exploring the application of attention U-Net [1] in teeth segmentation using a publicly available 

benchmark dataset. 
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3. Material and Methods 

3.1. U-Net Architecture 

U-Net is a famous architecture that was developed for biomedical image segmentation. U-Net 
gets its name from its U-like architecture, as shown in Figure 5. It is an encoder-decoder architecture 
consisting of four encoder blocks and four decoder blocks connected via a 1x1 convolution bridge 
(bottleneck). The encoder part is designed to extract features from the input image and learn high-
level features. This process is done through 

 

Figure 5. The U-Net architecture was developed for biomedical segmentation in 2015 [13]. 

A sequence of convolutional blocks. Each encoder block comprises 3x3 convolutions followed 
by a Rectified Linear Unit (ReLU) activation function. After each convolution and ReLU activation, a 
maximum pooling layer of 2x2 is applied to the output channels in which the dimensions of the 
channels are reduced by half. The maximum pooling process reduces the computational cost required 
by the network by reducing the number of trainable parameters. Each decoder block performs a 2x2 
transposed convolution (up-sampling) on the channels that came from the encoder through the 
bottleneck and then concatenates each of the outputted channels from the encoder blocks with the 
up-sampled channels that come from each block of the up-sampling convolutions. This process helps 
restore lost information because of the network's depth. Finally, at the last up-sampling convolution, 
the model applies a sigmoid activation function to the output logits to yield a binary segmentation 
or a SoftMax in the case of multi-class segmentation. 

3.2. Attention U-Net 

Attention U-Net [1] was introduced in 2018. Attention U-Net is nothing but a regular U-Net 
model, but with the so-called Attention Gate (AG) shown in Figure 3, between each skip connection 
and up-sampling layer in the U-Net model shown in Figure 6. The initial task for the proposed model 
was the segmentation of CT images of the pancreas, which was considered difficult due to low tissue 
contrast and large variance in the organ's shape and size. The pape's main contribution was a 
modification of the attention proposed in [42], which involved changing the calculation for the 
attention coefficients from a global feature vector to a grid-based vector. The grid-based attention 
module computes attention maps that capture the importance of different spatial locations. This 
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change made the attention coefficients target more local regions and better enhance the performance 
of any Fully Convolutional Network that implements this type of attention. The authors then 
showcased their proposed Attention Module on the U-Net architecture, which resulted in this novel 
architecture which was an impactful change in the U-Net architecture. We adopt the same model but 
with a slightly different modification on the hyperparameters and training setup (e.g. data split and 
training criterion).  

 

Figure 6. Attention U-Net proposed in [1]. 

3.2.1. Attention Modules Analysis 

Attention helps identify crucial regions in the image and reduce the feature responses to only 
preserve the important features relevant to the segmentation task (see Figure 8d). Figure 7 shows the 
whole process of the attention gate proposed in [1], but for a 2D input, the process involves a linear 
transformation 𝑊௚which is a 1 × 1 × 1  convolution on the gating signal coming from the up-sample 
layer 𝑔  which is used to determine the focus region and contains more representative contextual 
information; this process is done in conjunction with linear transformation 𝑊௫ which is 1 × 1 × 1 convolution on the feature maps coming from the skip-connection layer 𝑥௟  from the 
encoder, which has a better spatial feature representation, the output of this operation will leave us 
with two intermediate vectors 𝐹௟  from the linear transformation 𝑊௫  and 𝐹௚  from the linear 
transformation 𝑊௚. 

 

Figure 7. A schematic showing the proposed attention gate [1]. Input features coming from the skip 
connection (𝑥௟) are scaled with the attention coefficients(α). Relevant spatial regions are selected by 
looking at both activations and visual context provided by (g), which is collected from a larger 
granularity. 

The preceding step, which involves the element-wise addition of the two vectors 𝐹௟  and 𝐹௚ 
Namely additive attention. The result of the addition 𝐹𝑙  is then passed through a non-linearity 
activation function (ReLU)𝜎ଵ and another 1 × 1 × 1  convolution 𝜓 is done on the output of the non-
linearity to obtain the attention coefficients, but its values are bounded between −∞ and ∞ so it is 
passed through a sigmoid activation function 𝜎ଶ which scales the values between 0 and 1. The reason 
for using sigmoid instead of SoftMax, which is normally used in soft attention, is that SoftMax yields 
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sparse activations at the output. The scaled values of 𝜓  are the final attention coefficients α. A 
bilinear then upsamples the coefficients to match the original size of 𝑥௟ and multiplied elementwise 
with 𝑥௟ to obtain 𝑥௟෡  Which represents the incoming skip connection that is concatenated with the 
up-sampling layer in the context of a standard U-Net. The attention coefficients are calculated 
channel-wise and updated each time the network backpropagates learning which features to 
suppress and which features to pay attention to. Figure 8 visualizes the attention layer preceding the 
last attention layer within the network. As can be seen, the attention gate filters out irrelevant 
information when trained for enough epochs. 

 

(a) (b) 

(c) (d) 

Figure 8. shows testing epochs 1,5,17, and 52 of the attention coefficients preceding the final attention 
coefficients within the network 1(a), 5(b), 17(c), and 52(d). 

3.3. Dataset Collection and Description 

The TUFTS university dataset [41] is a multimodal dataset consisting of 1000 de-identified 
images of panoramic radiographs shown in Figure 9b and five other major components such as 1) 
teeth masks in Figure 9d. ,2) maxillomandibular masks shown in Figure 9c, 3) eye tracker generated 
maps (grey and quantized), 4) text information containing the description of each radiograph, and 5) 
masks outlining the abnormalities. Each abnormality segmentation mask and the radiograph 
description are further split into expert and student-level annotations. The classification of the 
radiographs is based on five categories: peripheral characteristics, anatomical location, radiodensity, 
effects on the surrounding structure, and the abnormality category, making it a multimodal dataset. 
The folder structure of the dataset is shown in Figure 9a. 
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(b) 

 
(c) 

 
(a) (d) 

Figure 9. (a) Description of the folder structure of the TUFTS dataset. The "Radiographs" folder 
contains images like the one shown in (b), the folder "maxillomandibular" includes images like the 
one shown in (c), and the folder named "teeth_mask" contains images like the one shown in (d). 

3.4. Data Preprocessing 

The preprocessing process is as follows: Contrast Limited Adaptive Histogram Equalization 
(CLAHE) [43] was applied to the images to enhance the image features. The contrast enhancement 
process had a major impact on the visibility of the images. Figure 11b and Figure 11a show the 
original and enhanced image, respectively. To further yield better performance from the model, the 
maxillomandibular mask shown in Figure 11c was used by applying an AND operation to the 
maxillomandibular mask with the preprocessed image to get only the ROI that includes the teeth 
shown in Figure 11d. Finally, the processed radiograph shown in Figure (11d) and its corresponding 
ground truth mask shown in Figure 9d was resized to 512×256. The preprocessing was applied to all 
examples in the dataset. Figure 10 is a diagram showing the preprocessing pipeline 

  

Figure 10. A diagram outlining the preprocessing steps for the dataset. 
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(a) (b) 

  
(c) (d) 

Figure 11. The preprocessing steps for the dataset. (a) is the original image, (b) after applying the 
Contrast Limited Adaptive Histogram Equalization. (c) is the maxillomandibular mask highlighting 
the ROI, and (d) is the final image after doing an AND operation on (b) with (c). 

3.5. Training Setup 

The model was implemented in Pytorch framework and trained on an NVIDIA RTX 3050 GPU 
with 4GB RAM. Adam optimizer was used with a learning rate of 1 × 10ିସ and. The model was 
trained on 100 epochs, ten epochs for each fold. The number of learnable kernels was reduced for 
computational resource limitations, the batch size was set to 8, and mixed precision strategy was used 
for training; this allows for less RAM usage as it scales the loss from a number that has 64-bit precision 
to 16-bit precision, making it viable to train on a low RAM. The preprocessed radiographs and teeth 
mask pairs were split randomly into ten folds for training and validation. 𝑙𝑜𝑔𝐷𝑖𝑐𝑒𝐿𝑜𝑠𝑠 = −𝑙𝑜𝑔 ቆ 2 ⋅ ∑(𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 ⋅ 𝐺𝑟𝑜𝑢𝑛𝑑𝑇𝑟𝑢𝑡ℎ)∑(𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛ଶ) + ∑(𝐺𝑟𝑜𝑢𝑛𝑑𝑇𝑟𝑢𝑡ℎଶ)ቇ (1) 

3.5.1. Loss Function 

The segmentation of teeth can be considered a pixel-wise classification problem where the model 
tries to classify whether the given pixel belongs to the background or teeth class. When dealing with 
medical image segmentation, some approaches use the standard Cross Entropy (CE) [44, 38]. In 
contrast, others use metric-sensitive, minority-class penalizing losses, or a mixture between metric-
sensitive and Cross Entropy losses [1, 45,19,20] which have shown significant performance in dealing 
with hard-to-segment regions. For this reason, dice loss is the most appropriate loss function for this 
specific task, as its main goal is to make the segmented region overlap with the ground truth as much 
as possible. The negative logarithm value of the dice loss is taken to further alleviate the problem of 
small misclassifications by penalizing the small errors with the logarithmic operator. This specific 
loss function was chosen due to the major presence of black pixels (background), which is not 
interesting in the segmentation task and could hinder performance. 
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3.5.2. Evaluation Metrics 

Pixel Accuracy (PA), Intersection over Union (IoU), and Dice Coefficient (Dice) are employed as 
the evaluation metric for this study. While pixel accuracy is not a reliable metric to measure the real 
performance of a segmentation model, it is still used as a generic metric. The pixel accuracy is 
calculated as the number of correctly classified pixels over the total number of pixels as shown in 
formula (2); the resultant value is  𝑃𝐴 ∈ (0,1), with 1 indicating a high number of correctly classified 
pixels and 0 indicating no correctly classified pixels. On the other hand, dice coefficient (also known 
as dice score) and IoU are two of the most popular metrics used to evaluate the performance of 
segmentation models. The dice coefficient shown in formula (3) measures the similarity between 
predicted and ground truth segmentation masks, and it is calculated as twice the intersection of the 
predicted and ground truth masks divided by the sum of their areas; the resultant value is  𝑑𝑖𝑐𝑒 ∈(0,1) with 1 indicating a perfect match between the ground truth and the predicted mask and 0 
indicating no overlap. Similarly, intersection over union (IoU) shown in formula (4) measures the 
extent to which the segmentation aligns with the ground truth. It is calculated as the ratio of the 
intersection of the predicted and ground truth masks to their union, and the resultant value is 𝐼𝑜𝑈 ∈(0,1), with 1 indicating a perfect match between the ground truth and the predicted mask and 0 
indicating no overlap. 

Accuracy = Number of Correct PixelsTotal Number of Pixels  (2)

Dice Score = 2 × |𝐴 ∩ 𝐵||𝐴| + |𝐵|  (3)

𝐼𝑜𝑈 = |𝐴 ∩ 𝐵||𝐴 ∪ 𝐵| (4)

4. Experimental Results 

Figure 13 demonstrates the training and testing procedure and how we obtained the results. 
Table 1 demonstrates the results obtained after training the model on the 10-fold cross-validation 
sets. Fold one had a moderately good result with 90.18%,82.12%, and 97.66% for the dice score, IoU, 
and PA, respectively. The next fold improves by 2%, 3%, and 1%; the next fold improves by 1%,2%, 
and 0.20%. The model performance keeps improving throughout the training phase, yielding an 
average score of 95%,90.6%, and 98% for dice score, IoU, and PA, respectively. Figure 12 shows the 
testing curve for each pixel accuracy, dice score, and IoU. The model was tested after each training 
epoch. It could be noticed that the evaluation was turbulent for each metric because some examples 
in the dataset had no teeth, which means that the masks are just black pixels. Such examples in the 
batches have resulted in an unstable convergence, but despite the instability, the model could 
accurately segment teeth. To further validate our results and visualize the model's performance, two 
random samples were taken from the test set and visualized w.r.t the predicted images (refer to 
Figure 14); the model had a superior performance (refer to Figure 14b and 14d for the model's 
predictions) in segmenting the two samples with minor imperfections yet great details quite like the 
ground truth masks (refer to Figure 14a and 14c for the ground truths). The trained model was also 
compared to other baselines tested on the dataset [41], including the same model trained with the 
same hyperparameter setup but with the difference in the data split. Attention U-Net has a better 
segmentation performance than different baselines trained for much longer with an already pre-
trained backbone, as shown in Table 2. 
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Figure 12. A plot of the three metrics used to evaluate the proposed study is the pixel accuracy, 

 is the IoU, and is the dice score. 

  

Figure 13. A diagram showing the Attention U-Net model's whole testing and training procedure. 

  
(a) (b) 
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(c) (d) 

Figure 14. A sample of the predictions done on the test set. The first example is (a) (ground truth), 
and (b) is the model's prediction. The second example is (c) (ground truth), and (d) is the model's 
prediction. 

Table 1. The model's metrics on the ten folds and the average across all folds, fold 10 had the 
highest metrics. 

Fold Metrics (%) 

 Dice  IoU  PA  

 1 90.18 82.12 97.66 
 2 92.01 85.2 98.13 
 3 93.16 87.2 98.34 
 4 94.77 90.06 98.76 
 5 95.71 91.78 98.99 
 6 96.25 92.78 99.14 
 7 96.73 93.66 99.2 
 8 96.98 94.13 99.3 
 9 97.15 94.45 99.32 
 10 97.21 94.56 99.37 

Average 95.01 90.6 98.82 

Table 2. Comparison between the proposed model and other models tested on the dataset. 

` Backbone Metrics (%) Data Split Epochs 
Batch 

Size 

Learning 

Rate 

Weight 

Decay 

 Dice IoU PA Train Test  
FPN [41] ResNet18 92.24 86.37 95.17 85% 15% 150 16 1 × 10ି3 1 × 10ି4 

U-Net [41] ResNet18 92.27 86.42 95.11 85% 15% 150 16 1 × 10ି3 1 × 10ି4 
U-Net++ [41] ResNet18 92.43 86.54 95.15 85% 15% 150 16 1 × 10ି3 1 × 10ି4 
PSPNet [41] ResNet18 91.49 85.66 94.76 85% 15% 150 16 1 × 10ି3 1 × 10ି4 

DeepLabV3 [41] ResNet18 91.87 86.02 94.91 85% 15% 150 16 1 × 10ି3 1 × 10ି4 
DeepLabV3+ [41] ResNet18 91.80 86.41 95.13 85% 15% 150 16 1 × 10ି3 1 × 10ି4 

nnU-Net [41] -- 90.86 86.11 94.91 85% 15% 150 16 1 × 10ି3 1 × 10ି4 
CE-Net [41] -- 86.62 81.64 92.67 85% 15% 400 16 1 × 10ି3 1 × 10ି4 

Attention U-Net -- 90.8 83.18 97.9 85% 15% 100 8 1 × 10ି4 -- 
Attention U-Net -- 95.01 90.6 98.82 10-Fold  100 8 1 × 10ି4 -- 

5. Conclusions 

In this study, we explored and improved an attention-based network called "Attention U-Net" 
[1] with reduced parameters for teeth segmentation on panoramic radiographs. The model 
demonstrated exceptional performance through training and testing on the TUFTS benchmark 
dataset using 10-fold cross-validation. The results of our evaluation showed that our proposed 
improvement achieved remarkable accuracy, with an average dice coefficient of 95.01%, intersection 
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over union of 90.6%, and pixel accuracy of 98.82%. These scores surpass those obtained by other 
networks evaluated in the original paper for the dataset, underscoring the effectiveness of our 
approach. By leveraging Artificial Intelligence systems in dentistry, our research aims to contribute 
to the field and encourage dental practitioners at all levels of expertise to incorporate these systems 
as auxiliary tools in their diagnostic and post-operative screening phases. The utilization of such 
systems has the potential to enhance the accuracy and efficiency of dental diagnoses, leading to 
improved patient care and outcomes. Our findings highlight the promise of attention-based networks 
and their potential to revolutionize the field of dentistry. We hope our work will inspire further 
exploration and adoption of Artificial Intelligence technologies in dental practices, benefiting 
practitioners and patients alike. 
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