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Winter Classification of Mandibular 
Impacted Third Molars Based on 
Convolutional Neural Networks 
Mandibular Gömülü Üçüncü Molar Dişlerin 
Evrişimsel Sinir Ağlarına Dayalı Winter Sınıflaması 
ABSTRACT 
 

Objective: Winter classification (WC) is used in the radiographic evaluation of  mandibular impacted third 

molars (MITM) before extraction. In our study, we investigated the classification performance of 

panoramic radiographs (PRs) using different versions of two convolutional networks (CNN). 

Methods: The analysis was performed using three different YOLO-v7 and five different YOLO-v8 CNN 

architectures for the WC of 716 MITM teeth in 532 PRs included in the dataset. The localization of the 

second and third molars on PR images was determined, and the diagnostic performance of WC in this area 

was measured. Precision, recall, and mean average precision (mAP) were statistically evaluated for each 

model. 

Results: For both architectures, the highest performance was obtained for horizontal classification, with a 

value of 0.917 for the mAP metric, while the lowest performance was found to be 0.799 for vertical 

classification. Looking at the mAP metric values for all classes in the study, YOLO-v8-m performed better 

than YOLO-v7, with a difference of 2.7%, resulting in an overall mAP of 0.838 for YOLO-v7 and 0.865 for 

YOLO-v8. For both YOLO-v7 and YOLO-v8, the mid-depth network performed better than the other sub-

models. 

Conclusions: This is the first study in which WC is performed using YOLO-v7 and YOLO-v8 models. In line 

with our results, CNN models for WC in PR are promising. In future studies, better results can be obtained 

by increasing the dataset size, using images from different centers and developing CNN architectures. Thus, 

clinical use of artificial intelligence architectures may become widespread. 

Keywords: Convolutional neural network, object detection, panoramic radiography, third molar, winter 

classification 

 

 

 

ÖZ 
Amaç: Winter sınıflaması (WC), gömülü mandibular üçüncü molar dişlerin (MITM) çekim öncesi radyografik 

değerlendirmesinde kullanılır. Çalışmamızda iki evrişimli sinir ağının (CNN) farklı versiyonlarını kullanarak 

panoramik radyografilerde (PR) sınıflandırma performansını araştırdık. 

Yöntemler: Veri setini oluşturan 532 panoramik radyografideki (PR) 716 MITM dişin WC'si, üç farklı YOLO-

v7 ve beş farklı YOLO-v8 CNN mimarisi kullanılarak analiz edildi. PR görüntülerinde ikinci ve üçüncü 

molarların lokalizasyonu belirlendi ve bu bölgedeki WC'nin tanısal performansı ölçüldü. Kesinlik, geri 

çağırma ve genel ortalama kesinlik (mAP) her model için istatistiksel olarak değerlendirildi. 

Bulgular: Her iki mimari için en yüksek performans, 0,917 mAP değeri ile yatay sınıflandırma için elde 

edilirken, en düşük performans dikey sınıflandırmada 0,799 olarak bulunmuştur. Çalışmadaki tüm sınıflar 

için mAP değerlerine bakıldığında, YOLO-v8-m, YOLO-v7'den %2,7 daha iyi performans göstermiş ve YOLO-

v7 için 0,838 ve YOLO-v8 için 0,865 mAP değeri elde edilmiştir. Hem YOLO-v7 hem de YOLO-v8 için, orta 

derinlikteki ağ diğer alt modellerden daha iyi performans göstermektedir. 

Sonuç: Bu çalışma, YOLO-v7 ve YOLO-v8 modelleri kullanılarak WC'nin gerçekleştirildiği ilk çalışmadır. 

Sonuçlarımızla uyumlu olarak, PR’de WC için kullanılan CNN modelleri umut vericidir. Gelecek çalışmalarda 

veri sayısını artırarak, farklı merkezlerden görüntüler kullanarak ve CNN mimarilerini geliştirerek daha iyi 

sonuçlar elde edilebilir. Böylece yapay zeka mimarilerinin klinik kullanımı yaygınlaşabilir. 

Anahtar Kelimeler: Evrişimli sinir ağı, nesne algılama, panoramik radyografi, üçüncü molar, winter 

sınıflaması 

 

 
 

 INTRODUCTION 
 

Teeth can remain impacted for various local or systemic reasons, including genetic disorders, adjacent 

teeth, alveolar bone, surrounding soft tissue, trauma, systemic diseases, lesions in the jaw, and the tooth's 

position.1,2 Mandibular impacted third molars (MITM) are the most commonly impacted teeth.3 Conditions 

such as pain, caries, infection, root resorption, periodontal disease, cysts, or tumors in the impacted tooth 

are common indications for extraction.3,4 
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Impacted teeth should be examined before extraction, and the 

appropriate surgical procedure should be determined. Panoramic 

radiographs (PRs) are often used in the radiological examination 

performed for this purpose. In the preoperative PRs, certain 

classifications of the impacted tooth are made. In the Winter 

classification (WC), which is used to classify MITM teeth, the angulation 

of the tooth relative to the second molar is considered.5 

The use of artificial intelligence (AI) for diagnosis and treatment 

planning in the medical field is increasing. In dentistry, studies are being 

conducted in areas such as oral radiology and pathology, endodontics, 

restorative dentistry, periodontics, and orthodontics.6-10 AI models 

primarily focus on image analysis due to the large amount of radiological 

data and the widespread use of radiographs for diagnosis. 

In the literature, only a limited number of studies have used AI to 

perform WC on MITM teeth.11-14 While one study examined only two 

classes (horizontal and mesioangular),11 others used only a convolutional 

neural network model.12-14 No study has comparatively analysed WC 

using  two neural network models, nor has YOLO-v8, a current 

convolutional neural network model, been used. This study aims to 

automatically perform WC on PRs using a total of eight different versions 

of two deep learning models (YOLO-v7 and YOLO-v8) and to compare 

the performance of their architectures. 
 

METHODS 
 

In this section, we first explain the dataset collected for WC and its 

preprocessing, followed by the increase of the dataset. The second 

section describes how the WC is performed. In the third section, the 

labelling of the dataset and, in the last section, we mention the CNN 

algorithms used for classification and the methods used toevaluate the 

datasets. 

Data set 
The study protocol was conducted in accordance with the tenets of 

the Declaration of Helsinki (Atatürk University Faculty of Dentistry Ethics 

Committee, Number: 04 / Date: January 20, 2021). Our study reviewed 

the radiological archive of Atatürk University Faculty of Dentistry, 

Department of Oral and Maxillofacial Radiology, between 2018 and 

2022. PRs with unilateral or bilateral MITM were downloaded in bitmap 

format. If the root formation was incomplete or the crown was 

damaged, the adjacent second molar was missing or impacted, and  

artefacts on radiographic image, the PRs in question were excluded from 

the study. As a result, 532 PRs were   included in the study. 

PR images with a resolution of approximately 2957 x 1435 pixels 

were divided vertically from the  centreline, and evaluated as the left 

side by taking the symmetry of the right side to increase the number of 

PRs and improve the performance of our model. A total of 716 MITM 

tooth records were generated. 

Determination of WC identification of MITM 
The WC is determined based on the angle between the third molar 

and the long axis of the second molar. An angle between 10° and -10° is 

classified as vertical, an angle between 11° and 79° is classified as 

mesioangular, an angle between -11° and -79° is classified as 

distoangular, an angle between 80° and 100° is classified as horizontal, 

and an angle between 111° and -80° is classified as other (buccolingual, 

inverted).4 In our study, 716 MITM teeth were examined in 4 classes 

(vertical, mesioangular, distoangular, and horizontal) (Figure 1). In this 

study, WC was determined on PR images by a researcher with five years 

of experience in oral and maxillofacial radiology. The online protractor 

tool (https://www.ginifab.com/feeds/angle_measurement/) was used 

to calculate the angle between the long axes of the 2nd and 3rd molars 

(Figure 2). 

Labelling data for AI 

PR images with a resolution of approximately 1500 x 700 pixels were 

labelled using the LabelImg15 tool to identify the 2nd and 3rd molars 

(Figure 3). 

 

 
 
Figure 1. Winter classification 
 
 

 
Figure 2. Measurement with the Online Protractor tool 
 
 

 
 
Figure 3. Labelling using LabelImg 
 

WC model 

In the object detection, it is determined which class the object 

belongs to and where it is located in the image. Recently, thanks to 

Convolutional Neural Networks (CNN) based deep architectures, the 

learning ability of AI has improved, and object detection has become 

increasingly popular. Compared to classical methods, hierarchical 

architectures with deeper layers for feature extraction have significantly 

improved the success of object detection in various applications. Object 

detection approaches  are generally divided in two frameworks: one 

stage and two stage detectors. The first  approach involves a region 

proposal at the preliminary stage, while the second  directly determines 

the class and location without a region proposal. 

 

https://www.ginifab.com/feeds/angle_measurement/
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YOLO (You Only Look Once) is a one stage object detector based on 

feature extraction and learning using a deep CNN architecture. The YOLO 

series, first proposed by Redmon et al. 16, has become widely used in AI 

due to its speed and performance, particularly in object recognition 

problems. The YOLO framework  consists of three key components: the 

head, neck, and spine, has been associated with various component sets 

and architectures. Several versions of YOLO have been introduced in the 

literature.17 The performance of the YOLO series has  steadily improved 

with each new release performance.18 YOLO-v7, one of the most 

advanced versions of the series, achieves highly accurate results through 

the use of the Extended Efficient Layer Aggregation Networks module 

(E- ELAN), new model scaling, and auxiliary heads, which positively 

impact the speed/power ratio.19 Ultralytics proposed the state-of-the-

art for YOLO-v8 by replacing all C3 builds in Yolo-v5 with builds that 

specify different channels for different scaling models, adding more hop 

connections and split operations.20,21 When tested on the COCO 

dataset,22 the mean average precision (mAP) value of the YOLO-v8 

algorithm is shows significantly improvement compared to other YOLO 

algorithms.20 

 In this study, the versions of YOLO-v7 and YOLO-v8, which are 

popular methods for object recognition that provide both object 

location and class information, are comparatively analysed with 

different network depth and number of parameters. Within the scope of 

the study, eight submodels (YOLO-v7-tiny, YOLO-v7, YOLO-v7-x, YOLO-

v8-n, YOLO-v8-s, YOLO-v8-m, YOLO-v8-l, YOLO-v8-x)with varying depths 

were trained separately for the WC problem and compared. Finally, 

using the bounding box containing 2nd and 3rd molars, the location of the 

teeth is determined, and the type of relationship between these two 

teeth is identified according to WC criteria.  

Data set and model parameters 

716 MITM dental images were randomly divided into three groups: 

486 training (~68%), 114 validation (~16%) and 116 test (~16%) groups. 

 The images were resized to 640x640 before being input to the 

model. Data augmentation techniques were used during model training 

by changing the contrast of images, modifying the rotation angles,  and 

creating mosaic patterns from different images. The experiments were 

repeated many times by changing the parameters. The highest 

performance was achieved using the SGD optimization algorithm with 

150 epochs and a learning rate of 0.01. The batch size was  set to 8 for 

YOLO-v7 models and 16 for YOLO-v8 models. 

Evaluation metrics 

In object detection problems, models predict the bounding box 

coordinates and the class of objects in the input images. In recent years, 

the average precision (AP) metric, widely used for object detection 

evaluation and specifically calculated for each object category, has been 

defined as the average detection sensitivity across different recall levels. 

The mAP is used as a metric to compare the performance  across all 

object categories and provides an overall evaluation of the object 

recognition task by category.23 

Intersection over union (IoU) gives the overlap ratio between the 

boxes defined by the actual coordinates and the estimated coordinates 

(Equation 1). A threshold value is determined for metrics to be 

calculated. The relationship between IoU metric and threshold value in 

object detection problems is shown in Figure 4. True Positive (TP) refers 

to the correct detection of the ground truth bounding box, while False 

Positive (FP) refers to the incorrect detection of a non-existent object or 

the detection of a present object with an intersection ratio below the 

threshold. False Negative (FN) refers to the ground truth bounding box 

that is normally present but not detected. The IoU threshold value is 

generally taken as 0.5. 

 

 
Figure 4. Representative image of True Positive (TP), False Positive (FP), False 
Negative (FN) 

 

Precision (Equation 2) indicates how accurate the model is in 

identifying predicted objects, while Recall (Equation 3) refers to the 

model's ability to correctly detect all real objects. In model comparisons 

for object detection, high precision and recall values positively impact 

model  performance. AP refers to the area under the precision-recall 

curve, evaluated at an specific IoU threshold (Equation 4). In object 

detection problems, it is calculated separately for each class. mAP 

represents the mean Average Precision for n classes in the problem 

(Equation 5). 

In this study, the threshold for the IoU between the predicted and 
target frames was set to a value greater than 0.5. Precision and Recall 
metrics are also presented for detailed model-based and class-based 
analysis. This mAP metric was used to measure the models overall 
performance. 

 

RESULTS 
 

The current study included 716 MITM teeth: 182 vertical, 257 

mesioangular, 172 distoangular, and 105 horizontally angled, belonging 

to 532 PRs (Table 1). The analysis of YOLO-v7 (YOLO-v7-tiny, YOLO-v7, 

YOLO-v7-x) and YOLO-v8 (YOLO-v8-n, YOLO-v8-s, YOLO-v8-m, YOLO-v8-

l, YOLO-v8-x) experimental studies with different performance metrics, 

model depth parameters and test data inference time for all classes is 

presented (Table 2 and Table 3). As the layers in the models increase, 

the number of parameters and the GFLOP value, a measure of the 

computational speed equal to one billion floating point operations per 

second also increase. Figure 5 shows the general performance of the 

YOLO-v7 and YOLO-v8 models across all classes for the test data, based 

on the mAP value (mAP@50) at a threshold of 0.5 IoU.  YOLO-v8-m 

performed the best among all models with a score of 0.865. For both 

YOLO-v7 and YOLO-v8, the mid-depth network performed better than 

the other sub-models. 

When Figure 6 is analysed, the highest test data AP performance for 

the YOLO-v7 and YOLO-v8-m models among the four classes is found in 

the horizontal class. The mAP performance is 0.911 for YOLO-v7 and 

0.917 for YOLO-v8, which are very close to each other. The lowest 

performance was observed in the vertical class, with 0.711 for YOLO-v7 

and 0.799 for YOLO-v8-m. 
 

Table 1. Number of impacted mandibular third molars belonging to winter class 
 

Winter class 
Number of mandibular impacted 

third molar 

Vertical 182 
Mesioangular 257 
Distoangular 172 

Horizontal 105 
Total 716 
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Table 2. Test results of YOLO-v7 models 

 

YOLO-v7 
Model 

 
mAP@5
0 

 
Precision 

 
Recall 

 
Model Summary 

Per image 
Inference 
time (ms) 

YOLO-v7- 
tiny 

0.796 0.692 0.807 
208 layers, 6015714 

parameters 13.0 
GFLOPS 

3 

YOLO-v7 0.838 0.80 0.807 

314 layers, 36497954 
parameters, 6194944 

gradients, 103.2 
GFLOPS 

4.8 

YOLO-v7-x 0.797 0.644 0.911 

362 layers, 70802658 
parameters, 0 

gradients, 188.0 
GFLOPS 

5.7 

 

 
Table 3. Test results of YOLO-v8 models 
 

YOLO-
v8 

Model 

 
mAP@50 

 
Precision 

 
Recall 

 
Model Summary 

Per image 
Inference 
time (ms) 

YOLO-
v8-n 

0.835 0.660 0.851 
168 layers, 3006428 

parameters, 8.1 
GFLOPs 

3.1 

YOLO-
v8-s 

0.800 0.684 0.760 
168 layers, 11127132 

parameters, 28.4 
GFLOPs 

4.0 

YOLO-
v8-m 

0.865 0.800 0.800 
218 layers, 25842076 

parameters, 78.7 
GFLOPs 

5.8 

YOLO-
v8-l 

0.811 0.700 0.833 
268 layers, 43609692 

parameters, 164.8 
GFLOPs 

6.6 

YOLO-
v8-x 

0.821 0.778 0.725 

268 layers, 68127420 
parameters, 0 

gradients, 257.4 
GFLOPs 

8.6 

 

 
Figure 5. Performance analysis of YOLO-v7 and YOLO-v8 all model using the mAP 
metric. 

 

The class-based performance comparisons of the best performing 

YOLO-v7 and YOLO-v8-m models on the test data are presented in Table 

4 and Table 5.  The “precision” and “recall” values for the four classes of 

YOLO-v7 are almost equal, 0.8 and 0.802, respectively, while for YOLO-

v8-m, both values are 0.8. When comparing the precision metric across 

classes, the highest value for YOLO-v7 is 0.854 for the distoangular class, 

and for YOLO-v8-m,  it is 0.883 for the mesioangular class.The lowest 

precision value is 0.676 for the vertical class in YOLO-v7 and 0.693 for 

YOLO-v8. When evaluating the recall metric across classes, the highest 

values are 0.944 for YOLO-v7 in the horizontal class and 0.874 for YOLO-

v8-m in the same class.  The lowest recall value is 0.731 for the 

distoangular class in YOLO-v7 and 0.707 for the mesioangular class in 

YOLO-v8-m. 

 

 

Table 4. YOLO-v7 test data performance  
 

Class PR image Precision Recall mAP@.5 

Vertical 31 0.676 0.742 0.711 
Mesioangular 41 0.823 0.792 0.829 
Distoangular 26 0.854 0.731 0.902 

Horizontal 18 0.848 0.944 0.911 
All 116 0.800 0.802 0.838 

 
 
Table 5. YOLO-v8-m test data performance  
 

Class PR Precision Recall mAP@.5 

Vertical 31 0.693 0.774 0.799 
Mesioangular 41 0.883 0.707 0.865 
Distoangular 26 0.785 0.846 0.879 

Horizontal 18 0.840 0.874 0.917 
All 116 0.800 0.800 0.865 

 

𝐼𝑜𝑈 =
𝐴𝑟𝑒𝑎𝐵𝑜𝑢𝑛𝑑𝑖𝑛𝑔𝐵𝑜𝑥(𝐺𝑟𝑜𝑢𝑛𝑑 𝑇𝑟𝑢𝑡ℎ ∩ 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑)

𝐴𝑟𝑒𝑎𝐵𝑜𝑢𝑛𝑑𝑖𝑛𝑔𝐵𝑜𝑥(𝐺𝑟𝑜𝑢𝑛𝑑 𝑇𝑟𝑢𝑡ℎ ∪ 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑)
 Equation 113,21 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
#𝑇𝑃

#𝑇𝑃 + #𝐹𝑃
  Equation 213,21 

𝑅𝑒𝑐𝑎𝑙𝑙 =
#𝑇𝑃

#𝑇𝑃 + #𝐹𝑁
  Equation 313,21 

AP@threshold=∫ 𝑝(𝑟)𝑑𝑟 

(area under the precision-recall curve) 
Equation 413,21 

𝑚𝐴𝑃@𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 =
1

𝑛
∑𝑛

𝑖=1 𝐴𝑃𝑖    for n classes Equation 513,21 

 

Looking at the mAP metric values for all classes in the study, YOLO-

v8-m performed better than YOLO-v7, with a difference of 2.7% (Figure 

5). The precision-recall curve for the best model, YOLO-v8, is shown in 

Figure 7. Successful classifications for the proposed YOLO-v8-m model 

from the test data samples are presented in Figure 8, and the 

unsuccessful results are shown in Figure 9. 

 

Figure 6. Performance analysis with the AP metric of best YOLO-v7 and YOLO-v8. 
 

 
Figure 7. Performance analysis with Precision-Recall Curve for proposed model 
YOLO-v8-m. 
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Figure 8. Example Winter classification true predict results for proposed model 
YOLO-v8-m. 
 

 
Figure 9. Example Winter classification results false predict results for proposed 
model YOLO-v8-m. 

 

DISCUSSION  
 

MITM are teeth that are often impacted and frequently require 

surgical extraction.24 Dentists must proceed carefully when extracting 

these teeth to avoid harming the patient during and after the surgical 

procedure.12 Radiological imaging is used to prevent or predict the 

likelihood of complications. The diagnosis made through classifications 

provides initial information about the likelihood of surgical 

complications.25 PRs are the primary method for evaluating impacted 

tooth.26 WC describes the impaction of the third molar in PRs and 

provides descriptive terms. It is also among the WC evaluation criteria to 

determine the positional relationship between the 2nd and 3rd molars 

based on the angle classification. 

 Yoo et al.14 presented a neural network model, ResNet-34, that can 

predict the extraction difficulty of MITM teeth. They evaluated the 

compatibility between their proposed model for 1053 MITM teeth, 

consisting of 600 PRs, and experts. They analysed the angular 

classification into four groups (mesioangular, distoangular, horizontal, 

and vertical positions) and assigned a score for each group. They 

reported that the correlation between the experts and the model in 

angle classification was 90.23%. In our study, two AI models were used. 

While they used the Pederson Difficulty Score for angle classification; we 

used the WC classification. 

 Celik11 proposed deep-learning models for WC in PR images. The 

study included 440 PR images with a total of 588 MITM teeth. Four 

models were presented: YOLOv3, ResNet50, AlexNet, and VGG16-based 

FASTER-RCNN. Among the models, YOLOv3 had the highest detection 

accuracy with a mAP@0.5 of 0.96. The study included a WC with only 

two classes: mesioangular and horizontal. In contrast, our study used a 

larger dataset and employed YOLO-v7 and YOLO-v8 models with 

convolutional neural networks to classify four types in WC. 

Sukegawa et al.12 proposed a model that performs both the Winter 

and Pell & Gregory classifications in PR images. The study examined 1330 

MITM teeth in six groups: mesioangular, distoangular, horizontal, 

vertical, inverted, and buccoangular. After manually cropping the area, 

including the 2nd and 3rd molars in the PRs, the VGG16 neural network 

was used to classify the MITM teeth. They reported an accuracy  of 

86.63% for the WC. In their study, Maruta et al.13 evaluated the Winter 

and, Pell & Gregory classifications in similarly cropped PR images using 

the VGG16 algorithm.  Their model performed with an accuracy of 

79.59% on 1864 MITM teeth. Although we used a more limited dataset, 

possible reasons for obtaining better results compared to both studies 

may include our use of a WC with fewer classes and the application of 

multiple artificial intelligence models. 

 In studies which examined categories more than the current study, 

the region containing the WC information was cropped, and only the WC 

was determined.12,13 However, in our study, while determining the WC, 

the AI also identified where to focus on the PR images. Çelik11 performed 

object recognition on PR images; however, the WC was expanded from 

two categories to four categories (e.g., right and left), and only the third 

molar was examined. Since WC is determined based on the angulation 

between the second and third molars, WC localization in our study 

included both the second and third molars.12,13 

 In this study, WC is addressed using the object recognition approach 

to determine the position of the second and third molars in PR images. 

Given the limited studies on this topic in the literature, the current study 

introduces an innovation by evaluating the second and third molars 

simultaneously as a four-class problem using state of the art of object 

recognition. Addition, the study presented an online angle 

measurement program as a practical method to measure the angle 

between the 2nd and 3rd molars.  

 Limitations of the study include: 

● The relatively small amount of data, 

● The inhomogeneous distribution of the data between classes, and 

● The inability to investigate buccolingual and inverted positions due 

to the lack of data in the WC. 
 

CONCLUSION 
 

Our study presented YOLO-v7 and YOLO-v8 methods, which are 

CNN-based object recognition algorithms capable of performing WC in 

PRs. Radiological examinations before extraction contribute significantly 

to the surgical procedure. In this context, the automatic detection and 

classification of MITM teeth can reduce the time required for 

radiological diagnosis before the necessary treatments. An increase in 

the amount of data used, duplication of models for data augmentation, 

and additional studies on different AI models may be required.  
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