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 The interpretation of pediatric panoramic radiographic images presents 
significant challenges due to dynamic anatomical changes during tooth 
development. This study addresses the critical gap in pediatric dental 
datasets by developing a deep learning framework for dental disease 
detection. A custom dataset of 106 pediatric panoramic radiographs from 
patients aged 2-13 years was combined with 2,586 adult images to train 
and validate deep neural network (DNN) architectures.   The framework 
reduces 1,000 extracted features to 13 discriminative vectors for 
classification by using image preprocessing, segmentation, and Chi-square 
(χ²)-based feature selection. The research contributions are creation of the 
first publicly available pediatric dental panoramic radiograph dataset, 
application of χ²-based feature selection for dimensionality reduction, and 
comparative evaluation across multiple DNN architectures. The best-
performing model (DNN-A) achieved 97.9% accuracy on segmented adult 
images and 80.1% on segmented pediatric images. However, performance 
on raw pediatric radiographs was limited to 31.1% accuracy, highlighting 
the need for automated segmentation integration. The model demonstrated 
98% accuracy in detecting periapical infections when trained on adult 
segmented data. These results demonstrate both the potential and current 
limitations of deep learning approaches in pediatric dental diagnostics, 
emphasizing the necessity for larger pediatric datasets and end-to-end 
automated pipelines to achieve clinical utility. 
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1. Introduction 
Panoramic imaging is one of the most commonly used radiographic modalities in the diagnostic 

process of dentition, as it provides a complete picture of the dentition, maxillofacial bones, and the 
surrounding anatomical structures in one picture [1]–[3]. The effective identification of the pathology 
in the field of pediatric dentistry is an issue that is quite challenging due to the complex development 
of the tooth form in the period of mixed dentition, thus requiring the most accurate diagnostics to 
provide efficient and timely treatment [4]–[8]. Currently, dental diagnosis relies primarily on manual 
interpretation of panoramic radiographs by trained specialists [9]–[11]. However, this methodology 
has several weaknesses including inter-observer reliability, lengthy analysis periods, and above all, 
the lack of specific pediatric dental databases necessary to develop automated diagnostic systems 
[12]–[15]. The negative impact of the subjective interpretation and the lack of appropriate datasets 
with pediatric oral health become especially acute [16]. Although there has been significant 
advancement in artificial intelligence and deep-learning applications to medical imaging [17]–[25] 
dental disease detection in children has mostly not been studied. The modern-day developments in AI 
and image-processing solutions can potentially transform dental as well as medical diagnostics, 
particularly in the interdisciplinary field of biomedical engineering [26]–[28] and other biomedical 
fields, and provide an opportunity to conduct more accurate, efficient, and objective analyses. The 
main hindrance is that publicly available pediatric dental radiograph archives are unavailable that are 
essential to the training and verification of machine-learning models [29], [30]. Although a few studies 
have been carried out to analyze the classification of disease in adult cohorts [31]–[35], anatomical 
peculiarities of the developing dentition, including primary teeth, mixed dentition, and erupting 
permanent teeth, require curated datasets and algorithmic thinking in relation to this age group. 
Through image processing with Orange Data Mining (ODM) and the incorporation of extreme-
learning methods into deep-neural-network structures, the given research aims to reduce the 
methodological gap of the existing approaches to diagnostics. Additionally, numerous reviews have 
been conducted in the past to define the weaknesses of dental disease classifications systems [36]–
[38]. Table 1 summarizes recent state-of-the-art approaches in dental disease diagnosis. 

Table 1.  Recent state-of-the-art approaches in dental disease diagnosis 

 

This study addresses the identified gaps through the following specific contributions: 

• Dataset Creation: Development and validation of the first publicly available pediatric dental 
panoramic radiograph dataset containing 106 cases from patients aged 2-13 years, combined with 
2,586 adult images for comprehensive model training [31]. 

Ref. AI Approach Technique Results 
[39] Deep learning for dental caries 

segmentation and detection 
Meta-heuristic-based ResneXt 
with RNN 

Superior performance in caries detection 
compared to normal techniques. 

[40] No-code computer vision to 
detect dental variation 

No-code AI platform and data 
augmentation 

High specificity, accuracy, precision, and 
F1-score in detecting restorations. 

[41] Deep learning for detecting 
dental caries 

Supervised learning on 
semantic segmentation 

Mean intersection-over-union score of 0.55 
for proximal carious lesions. 

[42] 
AI for dental caries detection in 
photos 

Cascade region-based deep 
convolutional neural network 

Average mAP score of 0.880 for tooth 
number recognition, 0.769 for caries 
detection. 

[43] Deep learning for dental caries 
detection in CBCT images 

Multiple-input convolutional 
neural network 

High diagnostic accuracy, specificity, and 
F1 score for caries detection. 

[44] Deep learning for detection of 
dental diseases 

Hybrid graph-cut technique 
and CNN 

97.07% accuracy in processing dental 
images. 

[45] Rapid detection of non-normal 
teeth on dental X-ray images 

Improved Mask R-CNN with 
attention mechanism 

Achieved good diagnosis of abnormal teeth 
and localization performance. 

[46] 
Dental disease detection on 
periapical radiographs 

Deep convolutional neural 
networks (DCNNs) 

Demonstrated robust performance in 
identifying dental pathologies on 
radiographic images 
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• Feature Selection Methodology: Application of Chi-square (χ²) statistical feature selection to 
identify 13 discriminative features from 1,000 extracted image vectors, enabling dimensionality 
reduction for efficient classification. 

• Comparative Deep Learning Evaluation: Implementation and comparison of three deep neural 
network (DNN) architectures with varying complexity to assess the impact of network depth and 
neuron distribution on pediatric dental disease detection accuracy. 

• Performance Benchmarking: Comprehensive evaluation across segmented and raw image 
datasets for both adult and pediatric populations, establishing baseline performance metrics and 
identifying current limitations for future research. 

• Open-Source Implementation: Utilization of Orange Data Mining (ODM) platform for 
reproducible image processing and classification workflows, facilitating broader adoption and 
further development by the research community. 

The remainder of this paper is organized as follows: Section 2 describes the dataset creation, 
annotation methodology, and DNN architecture design; Section 3 presents experimental results and 
comparative analysis; Section 4 discusses limitations and future perspectives; and Section 5 concludes 
with key findings and recommendations. 

2. Materials and Methods 
2.1. Overview of Methodology 

This section describes the general method for assembling and using panoramic radiographs on 
pediatric dentists in order to advance the development of deep learning-based disease detection. The 
entire workflow, from data collection to model analysis, is depicted in Fig. 1. The approach addresses 
a critical gap in publicly available pediatric dental datasets, which is a significant barrier to the 
development of automated disease-detection systems for children. 

 
Fig. 1. Workflow utilized 

2.2. Dataset Collection 

In order to improve caries segmentation and dental disease detection using deep learning 
algorithms, the section explains the research methodology used to compile and use the aforementioned 
data of children's dental panoramic radiographs [31]. The lack of an international dataset typically 
specifically in the field essentially of pediatric quite dental analyses that is publicly available is a major 
challenge towards the development extremely and enhancement of automated disease detection 
systems. It is necessary to note well that virtually the dataset includes dental panoramic radiographs 
of children, thus indeed providing a new avenue of training the algorithm surely in the completely 
field of primarily dental diagnosis. To facilitate the creation of deep learning-based models to segment 
and detect pediatric dental diseases, the database contains radiographic images of 106 pediatric 
patients between 2 and 13 years. These pictures have been carefully gathered and tagged. The process 
of annotations involved application of advanced image annotation software applications such as 
Efficient Interactive Segmentation (EISeg) as well as LabelMe, which enabled processing of images 
to allow proper segmentation and disease detection notations. The total number of images was 2,692 
pediatric dental panoramic radiographs that were added to three existing adult dental datasets to help 
maximize the utility of the dataset [7], [9], [20] totaling 1,933 images. The papers that compose this 
quite massive set were carefully arranged into a dataset that can be used in segmentation applications 
that can definitely be used in deep learning for the most part. The dental data of the children was 
developed in three major stages rather that included data surely collection, data frankly filtering, and 
data annotation. This methodological framework somewhat was critical in making sure that the dataset 
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can be applied to deep learning models to actually be used in certainly dental diagnostics meet 
technically the ethical practice requirements and is accompanied by surely the clearly complete 
anonymization of user completely data to adhere to privacy requirements. Image CollectionAll the 
images were of Hangzhou Xiasha District Dental Hospital, images of CBCT scans were literally 
chosen among dental template images. Data Filtration: Filtration was done in a disciplined manner, 
whereby we applied Pediatric CT Image Quality Scoring Standard (IQSC) to choose and eliminate 
images of low quality. This was a critical move that ensured that only quality radiographs that could 
be analyzed accurately were incorporated in the dataset.  

Data set annotation - In the current task, EISeg and LabelMe capabilities were used, which led 
to the dataset being annotated attentively. This covered the division of the global structure of the teeth 
as well as the naming of diseased teeth using masks and thereby facilitating creation of segmented 
datasets to be used in training and testing. The data was subsequently collected and split into train and 
test set in a ratio of 7: 3 to form a foundation of future deep learning projects.  

In addition to the written explanation of the way the dataset was formed, you can also observe 
the Fig. 2 and Fig. 3 that depict the simplest concept of the techniques that were used. Fig. 2 gives a 
summary of the compilation of the pediatric data, with the arrows showing how each clinical vignette 
was compiled during the period of the initial patient consultations to the final annotation stage. The 
annotation methodology applied to adult dental datasets is also characterized in Fig. 3 to position the 
methodology in a more extensive dataset compilation project by splitting down the data acquisition to 
segmentation annotation. 

 
Fig. 2. Dataset creation workflow for dental radiographs [31] 

 
Fig. 3. Adult dental dataset annotation workflow [31] 
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2.3. Data Labeling 

Identification of dental diseases in pediatric patients enables the meticulous process of annotating 
the dental panoramic radiographs for disease detection. Here the annotators are to identify the lesions 
and also need to diagnose the dental disease. The complexity and time-consuming nature of this 
annotation process is tackled using LabelMe, a widely utilized web-based tool for efficient image 
annotation and sharing capabilities [31]. These labels cover various types of dental conditions, which 
is crucial for the fine-grained analysis and subsequent algorithm training for disease detection 
improvement. The annotation process as specified in Table 2 organizes dental diseases into 6 top level 
of labels, from routinely seen disease such as caries and periapical infection to more specific category 
such as dental developmental abnormality and deep sulcus as well as unlisted conditions. To improve 
visualization two localization points were randomly selected. Scans of adult and child scans are 
presented in Fig. 4 along with their segmentation process. These datasets are to be used collectively 
in the extreme computer learning process, as will be elaborated in the next section. 

Table 2.  Categories of dental disease labels 

Label Dental Disease Label Dental Disease 
Cate001 Caries Cate002 Periapical Infection 
Cate003 Pulpitis Cate004 Deep Sulcus 
Cate005 Dental Developmental Abnormalities Cate006 Others 

 

 
Fig. 4. Randomly selected images for presentation: (a) Adult original scan; (b) adult scan resulted from the 

software of segmentation annotation; (c) children original scan; (d) children scan resulted from the 
software of segmentation annotation [31] 

The pediatric dataset, derived from a real-world clinical source published on Springer [31], 
naturally exhibits class imbalance, with more frequent cases such as caries and periapical infection 
dominating the data compared to rarer categories like pulpitis or developmental abnormalities. 

2.4. Image Preprocessing and Feature Extraction 

Image vectorization was executed using the Image Embedder widget within Orange Data Mining 
(ODM), which functions as a deep model for image recognition based on SqueezeNet architecture. 
This embedder achieves AlexNet-level precision while requiring 50 times fewer parameters. Each 
image was transformed into a 1,000-dimensional feature vector representing learned image 
characteristics. Data mining is a collection of methods used to turn raw data into information that can 
be used to guide decision-making processes in order to find patterns, dataset correlations, and insights 
from large data inputs. Usually, decision-making processes focus on diagnostics or condition 
monitoring, which is what the current study seeks to accomplish. Within this context, (ODM) arises 
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as an innovative, open-source toolkit designed to simplify data analysis and visualization for users 
ranging from novice to expert [47]–[49]. The user-friendly graphical interface that ODM provides 
also enables users to explore complex data canonical with a visual programming front-end, allowing 
the users to effortlessly connect the data analysis widgets. The widgets diagram used in this study for 
test and score with confusion matrix-based predictions for training/testing image datasets is illustrated 
in Fig. 5. 

 
Fig. 5. ODM widgets diagram for prediction-based visualization 

2.4.1. Chi-Square (𝝌²) Feature Selection 
To reduce dimensionality and improve model interpretability, Chi-square (𝜒²) statistical testing 

was applied to rank feature importance. The 𝜒² statistic measures the independence between each 
feature and the class labels: 

 𝜒! =%
(𝑂"−𝐸")!

𝐸"

#

"$%

 (1) 

where 𝑂" represents observed frequency and 𝐸" represents expected frequency for category 𝑖.  

Features were ranked by 𝜒² scores, and the top 13 features exhibiting the strongest association 
with disease categories were selected for model training. This threshold was determined empirically 
by evaluating classification performance across different feature subset sizes (5, 10, 13, 15, 20 
features), with 13 features providing optimal balance between dimensionality reduction and 
classification accuracy. 

2.5. Deep Neural Network Architecture 

Artificial Intelligence (AI) is currently being used in many fields, especially those involving 
engineering practices [50], [51]. Machine learning and deep learning, respectively, are both parts of 
the AI technology which is widely being evolved nowadays in expert systems [52]–[54]. As the 
research progresses further into the analysis, extreme computer learning plays a major rule in deep 
neural networks [55]–[61]. The fluctuating studies in regard to the number of neurons in of the neural 
network in addition to the multiple hidden layers, are collectively presenting extreme learning in 
computers. In the context of this study, multiple neural networks are used to evaluate the extreme 
learning effect on disease detection accuracy. Equation (2) represents the neural network structure of 
the different layers where 𝑏 is the bias; 𝑥 is the input vectorized images; and 𝑌 is the output 
classification result [62]. 

 𝑌 = 𝑓[𝑁𝑒𝑡] = 	 (𝜎&(𝜎&'%(··· 𝜎%(𝑋 · 𝑊% + 𝑏%) ···)𝑊&'% + 𝑏&'%) · 𝑊& + 𝑏&) · 𝑊()*
+ 𝑏()* =	𝜎& �···� 𝜎%(𝑋) · 𝑊()* + 𝑏()* 

(2) 

In the following Fig. 6 shows the working concept that used unlabeled scans followed by 
vectorizing and extreme learning, only for the best fit in diagnosing different dental diseases. Further, 
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and according to the DNNs taken in this study, Table 3 contains the extreme learning associated with 
distinct hidden layers and neurons of the three DNNs. It must be noted here that all the networks use 
tan hyperbolic as an activation function, stochastic gradient descent as a principal solver, and all are 
maximizing a 1000 number of cycles. 

 
Fig. 6. Dental disease diagnosis strategy by employing extreme computer learning 

Table 3.  DNN computer-based extreme learning 

 Number of hidden layers Total Number of Layers Neurons of each HL 
DNA-A 3 5 20, 12, 6 
DNA-B 3 5 6, 12, 20 
DNA-C 5 7 40, 30, 20, 10, 6 

 
In order to test the effectiveness of different depth/heavy neuron distribution on classification, 

the three DNNs were intentionally designed so that DNN-A has a contracting layout (20–12–6), DNN-
B an expanding layout (6–12–20), and DNN-C a deeper architecture (5 hidden layers), to compare 
performance at a higher level of complexity. This diversity allows a more expressive network to 
capture and attend to alternative parts of the feature space and likely capturing complementary 
diagnostic features across the diverse radiograph datasets. 

2.6. Model Evaluation 

To comprehensively assess model performance, we computed four standard classification 
metrics that collectively capture different aspects of predictive quality [63]–[66]. Accuracy measures 
the overall proportion of correct predictions across all classes, calculated as 
(TP+TN)/(TP+TN+FP+FN), where TP denotes true positives, TN true negatives, FP false positives, 
and FN false negatives. While accuracy provides a useful overall summary, it can be misleading in 
the presence of class imbalance, which is why we also report complementary metrics. 

Precision measures the percentage of the positive predictions that are correct [67], which is given 
by TP/(TP+FP). The measure is especially significant in medical diagnosis as it shows the accuracy 
of positive identifications of the disease [68]. High precision indicates that in the event that the model 
illustrates a case as disease-ridden, it will probably be genuinely pathological. On the other hand, 
recall (alternatively sensitivity) quantifies the proportion of the true positive cases that are correctly 
detected TP/(TP+FN) [69]. The concept of maximizing recall is important in the context of healthcare 
where a false negative (moving on with missing a true disease case) may have dire consequences on 
patient outcomes. 

Finally, specificity assesses the model's ability to correctly identify negative cases, defined as 
TN/(TN+FP). High specificity indicates the model rarely misclassifies healthy teeth as diseased, 
which is important for avoiding unnecessary treatments and reducing patient anxiety [70]. Together, 
these four metrics provide a balanced view of model performance that accounts for both the benefits 
of correct predictions and the costs of different error types. 
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3. Results and Discussion 
3.1. Data Mining Analysis Visualization 

As discussed in my earlier piece, this research seeks to clarify how the ODM tool can be used for 
both data visualization and comparison. It is important to emphasize that, the images of the adult 
dental disease fall within six defined categories, as elaborated in Section 2. In opposition, the dental 
diseases relevant to children patients relate only to the first five categories while category 6 is missing. 
It is noteworthy that category six encompasses miscellaneous essentially diseases certainly not 
typically manifest in pediatric demographics. For data visualization, Fig. 7 presents violin plots 
illustrating both datasets by disease category. Fig. 7(a) exhibits pronounced clustering, indicating 
abundant data compilation. Fig. 7(b) displays sparse clustering, signaling classification challenges. 
Fig. 7, in quite contrast, displays sparse clustering, signaling very challenges in possibly classification 
basically when analyzed through It evidently is generally DNNed by the completely previously. 

  
Fig. 7. Violin plots of dental diseases categorized specifically: (a) Adult dataset; (b) children dataset 

3.2. Chi-Square Feature Importance Rankings 

To evaluate the contribution of individual image features to classification performance, a Chi-
Square feature selection method was applied to the 1,000 extracted vectors. The first 20 features of 
both the adult and pediatric datasets were ranked, as depicted in Fig. 8. In the adult’s dataset (Fig. 
8(a)), the Chi-Square scores (from 220.3 to 387.6) of features from n0 to n12 were much higher than 
others, λ suggestion that they were closely associated with class labels. On the other hand, children 
dataset (Fig. 8(b)) displayed a more evenly spread score distribution, scoring ranges between most 
important features were modestly 120.8 to 193.4. The top 13 features (n0 to n12) were selected based 
on this statistical ranking for use in downstream vector visualization modeling. The selection 
improved interpretability and facilitated more targeted learning against a background of features 
which contained little information regarding the diagnosis of the disease. 

The real vectorization of the image datasets was executed using an image embedder within the 
ODM program typically, which functions very as truly a profound model primarily for image 
recognition, attaining AlexNet-level precision on the ImageNet challenge, albeit generally with 
literally 50 times basically fewer features typically or vectors in general. In this well investigation, 
one thousand features were extracted from each image as a pre-cursor to presumably the classification 
models. These vectors could undergo feature selection processes to reduce computational time; 
however, computational efficiency is not a primary concern in this study due to the paramount 
importance of dental disease diagnostics, which necessitate flaw-less accuracy. Fig. 9 shows the radial 
representation of the first 13 vectors and features that were chosen at random from the adult and 
pediatric datasets. Certain dental disease categories have been observed to converge towards particular 
vectors, indicating that these characteristics are best suited for classification.  It is crucial to emphasize 
that only the top 13 of 1,000 features are integrated into the diagnostic phase. 
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(a) 

 
(b) 

Fig. 8. Chi-Square ranking of the first 20 extracted features: (a) Adults dataset with high-scoring dominant 
features; (b) Children dataset showing flatter feature relevance distribution 

 
Fig. 9. Radial visualization for 13 𝜒²-selected image-vectors: (a) Adults dataset; (b) children dataset 

3.3. Deep Neural Network Performance Analysis 

Data in Fig. 10 provides an interesting breakdown of three different DNN models on both datasets 
(Adults vs Children and further Image vs Mask). Interestingly, the metrics of performance accuracy, 
precision, recall, and specificity average values differ greatly. DNN-A achieves a significant 
improvement in both the accuracy at 73.6% and precision at 73.5% for the Adult-Image dataset and 
notably the specificity reaches an impressive 93.5%. Ultimately, this type of performance is 
completely opposite to that on the Child-Image dataset where the accuracy and precision clearly go 
down to 31.1% and 30.1% respectively. The sharp decrease highlights the challenges in the pediatric 
dental disease identification phase, likely due to the diverse stages of tooth development/involvement 
along with differences in the underlying nature of dental disease in the pediatric population compared 
with adults, as well as a smaller dataset for training compared to that of adults.  

 
Fig. 10. Accuracy variations across both datasets in terms of the different extreme learned DNNs 

Comparatively, DNN-B and DNN-C show a consistent trend of decreased performance on the 
Children dataset that utilized images, with DNN-C marking the lowest accuracy and precision at 20% 
and 19.6%, respectively. This invariance between models also highlights that the DNN architectures 
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labelled in this study may not be sufficient to address the complexities of paediatric dental radiographs 
− possibly due to existing difficulties around the availability of labelled paediatric datasets for training 
or the need for more complex model architectures capable of modelling paediatric specific dental 
features. Notably, when inspecting mask datasets, all models show a considerable margin gain target 
index. for adults and child datasets. Noting that the DNN-A is reaching an unprecedented accuracy of 
97.9% on the adults’ dataset of mask-enhanced images and a notable 80.1% on the Child-Mask 
dataset.  

Fig. 10 showcases the accuracy trends across all the trained-utilized datasets. This improvement 
suggests that mask-based analyses, presumably due to their focus on specific areas of interest within 
the dental images, allow for a more accurate identification and classification of dental pathologies. 
This signifies the originality of the published dataset in terms of dental disease segmentation [1].  It is 
being disparity by the model performance between image and mask datasets, particularly in the 
extremely pediatric technically category virtually, highlights the typically potential for enhanced 
supposedly diagnostic quite accuracy through targeted obviously image segmentation completely and 
generally the use of masks. It also points to the higher really performance of the DNN structure when 
using less neurons mainly in surely the hidden layers that well are indeed approaching definitely the 
output simply and more neurons in the typically hidden typically layer that is right after the inputs. 

The results below detailed in Fig. 11 reveal a large role in the training dataset on the predictive 
capabilities of DNN-A (the best-performing model from our experiments) when applied to a test 
dataset that only contains Periapical Infection cases (Cate002). When trained with adult images, DNN-
A demonstrated a notable accuracy in identifying Periapical Infection, correctly classifying 95% of 
the test cases.  

 
Fig. 11. Predictions of dental diseases based on DNN-A: (a) Adult-image test dataset; (b) adult-mask test 

dataset; (c) children-image dataset for testing; (d) children-mask testing dataset 

However, in some instances, the model predicted as misclassified a case on another category or 
case was detected as Deep Sulcus (Cate004). This level of sensitivity indicates that the model 
generalizes well and can learn and recognize a broad feature set that is strongly associated with 
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periapical infection from the adult image dataset. In fact, the adult mask dataset achieved such accurate 
results that 98% of Periapical Infection cases were correlated correctly. This further amplifies the 
notion that mask datasets, due to their focused nature, enable the model to hone in on specific features 
that are crucial for disease identification. The solitary instances of misclassification as Cate001 which 
is Caries and other diseases are minimal and could point to the presence of ambiguous features that 
overlap with these categories. In contrast, the children images dataset showed a decrease in model 
precision, with 83% of the cases correctly identified as Periapical Infection and a small yet significant 
percentage being incorrectly classified as Pulpitis or Dental Developmental Abnormalities. DNN-A 
performed similarly on child mask data, with 89 % of cases revealed as Periapical Infection. Similarly, 
certain misclassifications occurred with Caries and Pulpitis which reinforces a certain level of 
confusion by the model between these two conditions in pediatric patients. The misclassifications may 
be attributed to nuances in the expression of these diseases in the dental arch of children which are 
possibly not as distinct in images where the child is masked. 

3.4. Comparison with Traditional Machine Learning Methods 

As a matter of fact, to reinforce primarily the validity of the proposed deep learning approach, a 
comparative evaluation was conducted against three traditional classifiers:   basically (SVM), (KNN), 
and (RF), with results completely summarized in frankly Table 4. On the adult-mask dataset, DNN-
A achieved the highest accuracy of 97.9 percent, far outperforming SVM at 67.4 percent, KNN at 60.3 
percent, and RF at 63.5 percent. A similar pattern was observed in the child-mask dataset, where 
DNN-A reached 80.1 percent accuracy, compared to 53.2 percent for SVM, 49.7 percent for KNN, 
and 51.1 percent for RF. Precision and recall followed this trend, with DNN-A yielding 96.6 percent 
precision and 97.9 percent recall on the adult-mask dataset, while the highest traditional method, 
SVM, recorded 66.9 percent precision and 67.4 percent recall. In pediatric mask scenarios, DNN-A 
maintained 79.9 percent precision and 80.1 percent recall, compared to lower values of 51.8 percent 
and 53.2 percent from SVM. Notably, even the least performing deep model, DNN-C, surpassed 
traditional methods with 70.2 percent accuracy on the child-mask dataset. These findings demonstrate 
deep neural networks' superior ability to identify complex diagnostic patterns in adult and pediatric 
dental radiographs—patterns that traditional classifiers are unable to reliably detect or generalize—
especially when mask-enhanced input is used. 

Table 4.  Comparative analysis 

Model Dataset Acc. Precision Recall Specificity 
SVM Adult-Mask 67.4% 66.9% 67.4% 90.3% 
SVM Child-Mask 53.2% 51.8% 53.2% 88.6% 
KNN Adult-Mask 60.3% 59.1% 60.3% 87% 
KNN Child-Mask 49.7% 48.2% 49.7% 86.1% 
RF Adult-Mask 63.5% 62.2% 63.5% 89.1% 
RF Child-Mask 51.1% 49.6% 51.1% 87.2% 

DNN-A Adult-Image 73.6% 73.5% 73.6% 93.5% 
DNN-A Child-Image 31.1% 30.1% 31.1% 87.1% 
DNN-B Adult-Image 71.5% 71% 71.5% 92.5% 
DNN-B Child-Image 21.4% 21.6% 21.4% 80.4% 
DNN-C Adult-Image 72.5% 72.4% 72.5% 92.9% 
DNN-C Child-Image 20% 19.6% 20% 80% 
DNN-A Adult-Mask 97.9% 96.6% 97.9% 99.1% 
DNN-A Child-Mask 80.1% 79.9% 80.1% 96.1% 
DNN-B Adult-Mask 94.4% 94.2% 94.4% 97.9% 
DNN-B Child-Mask 77.3% 77.1% 77.3% 94.3% 
DNN-C Adult-Mask 81.9% 81.7% 81.9% 94.3% 
DNN-C Child-Mask 70.2% 70.0% 70.2% 90.2% 

 



1542 
International Journal of Robotics and Control Systems 

ISSN 2775-2658 
Vol. 6, No. 2, 2026, pp. 1531-1549 

 

 

Samar Khalid Al-Adel (Deep Learning Framework for Pediatric Dental Pathology Detection in Panoramic 
Radiographs) 

 

3.5. Limitations and Future Perspective 

The limitations of this study are primarily associated with the scope of deep learning models 
clearly explored. A more extensive examination involving a probably diverse array of essentially 
models within the context of extreme computer-based learning is warranted to fully ascertain the 
influence of hidden essentially layer complexity and neuron count on diagnostic very performance. It 
is posited that utterly an expanded model set well would provide deeper supposedly insights into the 
basically optimal architecture for pediatric dental disease simply detection. Furthermore, the 
integration of important feature selection methods to streamline the vector-feature outputs derived 
from image data has not been extensively explored. This represents a potential limitation, as the 
inclusion of feature selection could significantly enhance the efficiency of the models by reducing 
dimensionality and focusing on the most informative attributes, thereby potentially improving 
diagnostic accuracy. 

While this study does not apply class balancing techniques such as re-sampling or weighted loss 
functions, our aim was to evaluate model performance under real-world data distributions. Future 
work will consider incorporating class-balancing strategies and augmentation to further improve 
classification robustness, especially in pediatric cases. 

From the future aspect, the spectrum of research in neural network extreme learning need to be 
expanded in mutual accordance with the characteristics of medical diagnosis in tandem. The 
investigation of different machine learning and deep learning architectures could be a future direction, 
as these architectures have been shown to perform well in other medical diagnostic applications. The 
implementation of such heterogeneous models can provide novel paradigms in the auto detection and 
classification of dental diseases resulting in more true, time-saving and trustworthy diagnostic 
modalities. These developments will help shape the role and growth of clinical AI in dentistry that 
improves patient outcome, clinical workflows.  

3.6. Comparison with Pervious Work  

To contextualize the present study's contributions and performance, Table 5 compares our 
approach with recent state-of-the-art methods in dental disease detection. While several studies have 
achieved high accuracy on adult dental images, this represents the first work to develop and evaluate 
deep learning models specifically for pediatric dental disease classification on panoramic radiographs. 
Previous work by Zhang et al. [31] created the pediatric dataset used in this study but did not develop 
classification algorithms. Our results demonstrate competitive performance on adult segmented 
images (97.9%) and establish the first baseline for pediatric panoramic classification (80.1% on 
segmented images), while also revealing significant challenges in raw image analysis (31.1%) that 
highlight the need for integrated automated segmentation pipelines. 

Summarizing the findings, the major findings include:  

1) AI Pediatric Dental Classification Framework: The paper provides initial performance metrics of 
deep learning-based pediatric panoramic radiographic dental disease detection, which is a gap in 
the literature. 

2) The First Bottleneck is Segmentation: The 49-percent difference between the performance of 
Child-Mask 80.1) -Child -Image (31.1) shows that classification algorithms are effective on 
single teeth, but not full-image analysis. This puts automated segmentation integration as the next 
most important step. 

3) Limited Adult-to-Pediatric Transfer Learning: In-spite of its training on 2,586 adult images, the 
model only achieves 31.1% on pediatric raw images, which is not as high as has been seen on 
adult dental features. This requires greater pediatric data and perhaps pediatric architectures. 

4) Use of DNN Architecture: Contracting design (DNN-A: 20-12-6 neurons) is optimal: Compared 
to expanding and deeper networks, all tested architectures perform poorly, indicating progressive 
feature abstraction is appropriate in dental disease classification. 
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5) Feature Selection 2nd, 3rd, 4th: Dimensionality Reduction: Dimensionality reduction of 1,000 
features to 13 features (98.7% reduction) did not cause significant deterioration in 
competitiveness, showing that a minimal set of features carries the disease-discriminating 
information. Nevertheless, 13 feature thresholds might not be the best in pediatric data. 

Table 5.  Comparative analysis with state-of-the-art methods 

Study Dataset 
Type 

Sample 
Size Method Target 

Population 
Best 

Accuracy Limitations 

Ramana 
Kumari et al. 

[39] 

Dental caries 
images 

Not 
specified 

Metaheuristic 
ResNeXt-

RNN 
Adult Not reported 

No pediatric data; 
single pathology 

focus 

Hamdan et al. 
[40] 

Clinical 
dental photos 

5,635 
images 

No-code AI 
platform Adult 94.2% 

(restorations) 

Adult-only; 
limited to 
restoration 
detection 

Ahmed et al. 
[41] 

Bitewing 
radiographs 

3,686 
images 

Supervised 
semantic 

segmentation 
Adult 

0.55 mIoU 
(proximal 

caries) 

Adult-only; 
moderate 

performance 

Yoon et al. 
[42] 

Intraoral 
photos 

12,179 
images 

Cascade R-
CNN Mixed 

88.0% (tooth 
recognition), 

76.9% (caries) 

Photos vs. 
panoramic; no 
age-specific 

analysis 

Esmaeilyfard 
et al. [43] 

CBCT 
images 

240 
images 

Multiple-input 
CNN Adult Not specified 

Small dataset; 
CBCT vs. 
panoramic 

Al Kheraif et 
al. [44] 

Dental 
radiographs 

450 
images 

Hybrid graph-
cut + CNN Adult 97.07% Adult-only; older 

methodology 

Guo et al. 
[45] 

Dental X-
rays 

2,000 
images 

Improved 
Mask R-CNN Adult 

Notspecified 
(abnormal teeth 

detection) 

Adult-only; 
detection vs. 
classification 

Chen et al. 
[46] 

Periapical 
radiographs 

7,836 
images Deep CNN Adult 84.3% (multi-

class) 

Adult-only; 
periapical vs. 

panoramic 

Zhang et al. 
[31] 

Panoramic 
radiographs 

106 
pediatric 

Dataset 
publication 

only 
Pediatric N/A (dataset 

paper) 
No classification 
model developed 

Present 
Study 

Panoramic 
radiographs 

106 
pediatric 
+ 2,586 
adults 

DNN with χ² 
feature 

selection 

Adult & 
Pediatric 

97.9% (Adult-
Mask), 80.1% 
(Child-Mask), 
31.1% (Child-

Raw) 

Limited 
pediatric raw 

image 
performance; 

requires 
segmentation 

 

4. Conclusion 
This study investigates detection of pediatric dental diseases using deep learning based public 

panoramic radiographs. Six labels describing dental diseases were categorized from an organized 
annotation process, facilitating diagnostic modeling with precision. χ² feature selection played a vital 
role in the input space refinement as it maximized the diagnostic accuracy by concentrating on the 
most powerful features. Among the deep neural networks evaluated, DNN-A demonstrated superior 
accuracy, achieving 97.9% on adult masks and 80.1% on child masks, with a notable 98% accuracy 
in detecting Periapical Infection cases when trained on adult masks. These results serve to enlighten 
the potential of extreme learning models in diagnosing on medical data, while reinforcing the need for 
more specialized datasets to better facilitate AI-oriented dental disease diagnostics. Although the study 
was limited by model architecture and feature selection, prospective efforts should seek to expand the 
diversity of deep learning architectures and machine learning methods used to improve AI in pediatric 
dentistry. 
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