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Abstract 

In recent decades, Implant dentistry has seen remarkable development across the globe. The field of implantology has 
revolutionized dentistry significantly, especially in the rehabilitation of single, complete and partial edentulism. 
Conventionally, practitioners utilize periapical radiographs, panoramic imaging, CBCT scans and periapical radiographs 
to assess implant locations. CBCT is particularly important as it provides 3D data about density, width, bone height and 
closeness to vital anatomical structures. This narrative review explores the current applications of AI in dental implant 
planning and detection, with emphasis on cone-beam computed tomography (CBCT), intraoral scanning, and image-
guided system. Machine learning and deep learning enable automated segmentation, virtual planning, and improved 
surgical precision. Despite strong performance, limitations include data dependency, low transparency, and need for 
validation. Future work will focus on multimodal systems, real-time guidance, and robotic-assisted implant placement. 
Overall, AI is making implant dentistry more precise, efficient, and data-driven. 

Keywords:  Artificial intelligence; Dentistry; Dental Implant; Prognosis; Planning 

1. Introduction

Dental implants serve as a reliable treatment option for replacing missing teeth. Their use in the management of 
complete and partial edentulism is considered an essential approach in modern dentistry. Compared with conventional 
fixed partial dentures, dental implants offer several advantages, including an overall success rate exceeding 97% over 
10 years, a reduced risk of endodontic complications and caries in adjacent teeth, improved preservation of bone at the 
edentulous site, and decreased sensitivity in the surrounding dentition. (1) 

In recent decades, Implant dentistry has seen remarkable development across the globe. The field of implantology has 
revolutionized dentistry significantly, especially in the rehabilitation of single, complete and partial edentulism. There 
are numerous studies reporting better quality of life in patients after implant therapy. Detailed planning prior the 
implant procedure improves the outcomes of the treatment because of the facility of placing in the proper site of the 
implant and reducing the operative risks. 

Conventionally, practitioners utilize periapical radiographs, panoramic imaging, CBCT scans and periapical radiographs 
to assess implant locations. CBCT is particularly important as it provides 3D data about density, width, bone height and 
closeness to vital anatomical structures. Since being introduced to dentistry in the terminal years of the twentieth 
century, CBCT has been established as extensively utilized in maxillofacial surgery, orthodontics, endodontics and 
implant planning, due to its detailed visualization abilities 
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Ongoing advancements in imaging sensors, reconstruction algorithms and X-ray tube configuration are anticipated to 
improve image clarity by minimizing artefacts and noise while also lowering radiation exposure for patients. These 
advancements may enable practitioners to obtain more precise visuals with improved efficiency and safety. However, 
manual interpretation of CBCT data demands considerable workload and is influenced by disparities in operator 
performance. 

Artificial intelligence provides a viable solution for these challenges. In general terms, Artificial intelligence denotes 
digital systems that extract regularities from information sets and apply those structures for forecasting or judgment 
formation. In dental practice, computational intelligence has turned more valuable for improving diagnostic precision 
and treatment organization. In implant practice, computational frameworks can examine clinical records, CBCT scans 
and radiographic images to guide clinicians in selecting appropriate implant orientation, location and dimension. 
Computational learning techniques generally handle structured and tagged datasets, whereas deep neural frameworks, 
especially convolution-based networks, are capable of acquiring knowledge from raw visual data and and performing 
strong image analysis (2-7) 

This narrative examination centers particularly on two swiftly advancing applications of machine intelligence in implant 
therapy: implant planning and implant detection. Artificial intelligence–based implant recognition involves locating or 
classifying fixtures on two-dimensional X-ray images, whereas implant planning includes AI-guided cone-beam 
evaluation, structural segmentation, site evaluation, and preoperative guidance (5,6). These uses constitute a key 
segment of the overall application of machine intelligence in implant field, which additionally involves assisted surgery, 
result forecasting and restoration design, 

A narrative review Is significant since research studies in this domain has increased quickly from 2020 to 2025. Several 
studies demonstrate promising precision and efficiency results yet techniques and clinical readiness vary greatly. 
Reviewing current findings can assist researchers and clinicians in identifying areas where AI is valuable and where 
more confirmation remains needed. 

2. AI Applications in Implant Detection 

2.1. Detection and Classification of Dental Implants in Radiographs 

Machine intelligence has exhibited notable potential in recognition and categorization of oral fixtures with two-
dimensional imaging records, mainly periapical and panoramic X-ray images. Such radiographic approaches are 
routinely applied in dental clinics because they remain commonly accessible, economically efficient, involve less 
radiation exposure than volumetric methods (8, 9, 10) 

Nevertheless, recognizing implant systems through manual review can be difficult when prior treatment files are 
unavailable or image resolution is weak. The majority of intelligent platforms created for this aim utilize convolutional 
learning frameworks, particularly convolution-based networks, prepared with large labeled image repositories to 
identify variations in fixture form, connection configuration and spiral configuration (10, 11) 

Current investigations have documented combined correctness varying between 67% and 98.5%, while many 
frameworks reaching beyond 90%. Across numerous evaluations, automated systems showed stronger performance 
compared with oral specialists, while professional outcomes further increased when aided by machine intelligence. 
Practical uses in newly presenting individuals, assistance for selecting suitable prosthetic components, organization of 
scientific imaging databases and forensic identification. Relative to hand-operated approaches, automated platforms 
offer faster assessment, higher uniformity, and less reliance on operator skill (10) 

2.2. Limitations and Special Cases 

A fundamental drawback present in that most studies relying on validated DIS datasets may not represent real-world 
DIS identification when dealing with degraded and geometrically distorted dental radiographic images commonly 
present in routine clinical settings. 

A systematic analysis by Wael I. Ibraheem (2024) emphasized significant limitations in artificial intelligence–driven 
dental implant categorization. The existence of diverse implant varieties generates challenges in precise classification 
and recognition, particularly when earlier clinical records are unavailable or absent (10) 
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Two-dimensional dental imaging (2D) including intraoral X-ray images and panoramic radiographs is commonly 
utilized in regular diagnostic assessment and provides strong spatial clarity for detecting conditions like periodontal 
bone reduction and dental decay. However, it shows notable limits in detection because of overlapping anatomical 
features and lack of accurate three-dimensional relationships. Conversely, cone beam computed tomography as a three-
dimensional modality provides improved visualization of hard tissues and permits precise depiction of complicated 
anatomical formations using multiplanar imaging, which markedly improves identification of periapical abnormalities, 
osseous defects, dental root fractures, and other concealed conditions thatoften overlooked in two-dimensional 
imaging. Hence, although two-dimensional imaging is beneficial for general evaluation, 3D imaging delivers offer 
superior diagnostic efficiency in complex cases (12). 

3. AI Applications in Implant Planning 

3.1. Automated Anatomical Structure Segmentation in CBCT 

As stated in the Oral Disease Survey, almost 90% of the individuals worldwide are experiencing various severities of 
dental disease, with many requiring clinical care (13). Within clinical dental management, diagnostic imaging using 
various techniques such as cone beam computed tomography, panoramic radiographs and intraoral three-dimensional 
scans is frequently obtained to assist diagnosis, surgical intervention and treatment planning. 

Within the available modalities, CBCT imaging remains the method that delivers full three-dimensional volumetric data 
of teeth and surrounding alveolar bone. Therefore, separating each tooth along with alveolar bone from CBCT scans to 
create an accurate three-dimensional model is required in digital dental practice. 

Even though automated delineation of dental and alveolar structures has been widely explored in medical image 
analysis, it remains a practically and technically difficult issue with no clinically usable system. Throughout the previous 
decade, numerous approaches have been studied to construct manually engineered descriptors, including contour 
evolution, shape fitting models and graph partitioning, for dental structure segmentation (14-17) 

Such low-level descriptors are vulnerable to intricate visual patterns in CBCT dental images, such as minimal contrast 
between dental structures and adjacent tissue, thereby demanding considerable manual intervention for initialization 
or correction.In recent years, deep learning methods, particularly those built on convolutional neural networks, have 
exhibited promising use in many areas owing to their capability to learn meaningful and predictive features from 
extensive datasets for specific tasks (17-20) . Inspired by the significant achievements of deep learning in visual 
computing and medical image analysis, a number of studies have explored deep neural networks for segmentation of 
dental and bony structures (17, 21, 22, 23) Nevertheless, these current approaches remain not yet fully suitable or 
automated for clinical application due to three principal challenges. First, complete automated segmentation of alveolar 
and dental workflow that includes locating the dental region of interest, identifying alveolar bone and segmenting 
individual teeth. Prior research studies are unable to perform all steps in full automation, since they usually focus on 
isolated tasks like tooth segmentation in a predefined region of interest (17, 24, 25) or alveolar bone extraction (17). 
Second, managing complex cases commonly present in clinical practice is difficult, including CBCT images showing large 
structural variations in patients with malocclusion, missing teeth, and metallic interference. Third, earlier studies are 
generally assessed on limited datasets, usually 10–30 CBCT scans, restricting their performance when generalize across 
diverse imaging protocols and clinical populations (17). 

3.2. Edentulous Area Detection and Bone Dimension Assessment 

Evaluation of residual alveolar ridge morphology and CBCT imaging may provide important insights for planning 
treatment and identifying the best implant position (26). Standard radiographic approaches, such as periapical and 
panoramic radiographs are restricted in assessing buccolingual width and anatomical form owing to their flat imaging 
format. Recent improvements in tomographic imaging techniques, particularly CBCT, has gained growing importance 
(27). Tözüm et al. examined the association between mandibular alveolar ridge form and implant placement complexity 
in the posterior jaw through CBCT imaging, underscoring the significance of assessing ridge variability for proper 
implant planning (28) In the same way, Goudarzi et al. carried out an extensive evaluation of posterior mandibular ridge 
form, organizing it into 14 different types, according to form and attributes, presenting a comprehensive basis for 
clinical assessment (26). However, despite these findings, no prior investigation has provided a complete 
comprehensive multidimensional characterization of the mandibular ridge, especially in the posterior edentulous jaw. 
This lack of information leads to direct implications in patient management. 
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The absence of a comprehensive and uniform structural classification limits diagnostic accuracy before surgery and 
complicates planning for implant placement. Without well-defined reference markers for cortical thickness, concavity 
depth, or ridge width clinicians may overlook hazards such as compromised bone integration, lingual plate breach and 
inadequate initial stability. Hence, identifying categorizing these anatomical structures through CBCT may enhance 
surgical decision-making, reduce surgical errors during procedures and guide augmentation planning. An in-depth 
insight into cortical bone characteristics and posterior mandibular ridge structure, as analyzed by CBCT, is crucial for 
enhancing implant success and maintaining patient safety. Integrating these parameters into preoperative assessment 
can guide clinicians in choosing ideal implant angle and placement, identifying augmentation requirements and 
protecting critical anatomical structures. Earlier research has not fully and comprehensively described the mandibular 
ridge across all its attributes and classification schemes. Additionally, the precise structure and prevalence of ridge 
types in dentate areas, especially those suitable for immediate implant placement, are still not adequately investigated 
(29) 

3.3. Virtual Implant Positioning and Treatment Planning 

The success of dental implant procedures depend greatly on proper planning before surgery. The use of three-
dimensional imaging techniques, like intraoral scanning and cone beam CT has significantly improved clinicians’ 
capacity to assess patient-specific anatomy Furthermore, progress in digital systems for processing imaging 
information has improved the accuracy and clinical applicability of implant planning These developments enable 
accurate implementation of virtual strategies into clinical workflow utilizing computer-aided manufacturing and 
computer-aided design to produce surgical templates for partially and fully assisted implant positioning (30, 31, 32) 

As dental technologies rapidly evolve, clinicians often struggle to match the pace of updated digital workflows. 
Proficiency in these technologies generally demands considerable training and time, and even after that, incorporating 
them into clinical workflows may remain an extensive process. In addition, differences in clinical expertise and 
experience may result in inconsistent implant planning, introducing bias that compromise the consistency and 
reproducibility of outcomes. As a result, artificial intelligence (AI) has been introduced to simplify different steps of pre-
surgical planning workflows and reduce clinician burden. Through automation of complex processes, AI can 
significantly improve time efficiency, enabling clinicians to subsequently focus on assessing, endorsing, or refining 
implant planning outcomes (32)  

In computerized implant workflows, has been confirmed as useful for various tasks in preoperative planning. These 
tasks involve delineation of jaws, maxillary sinus regions, mandibular canal, and prosthetic crowns, together with fusion 
of CBCT and intraoral scan data in multiple cases (32-34) 

AI can eventually produce a treatment plan aligned with individual anatomy using full virtual modeling obtained 
through CBCT–IOS data anatomical fusion workflows]. AI has shown strong precision in maxillofacial segmentation 
tasks, achieving accuracies between 92% and 99.7, along with IOS–CBCT registration with a point error of 0.21 mm and 
0.22 mm surface-based deviation (32) 

AI shows significant capabilities in implant planning workflows, such as analyzing bone density and quality, segmenting 
anatomical structures automatically, and identification of critical structures like nerves and maxillary sinuses (35). AI-
based decision-support tools can propose implant placement by recommending suitable positions, drilling protocols 
and angulations according to patient-specific bone features, leading to greater accuracy and minimizing operator 
variation. Moreover, combining AI with virtual and augmented reality has enhanced visualization during surgery and 
patient interaction, enabling real-time modeling of implant placement cases. Recent research indicates that AI-
supported virtual implant planning reaches approximately 93% clinical acceptability, highlighting its feasibility and 
rising importance in digital implantology in dentistry (32, 35-37) 

3.4. Emerging Integrations. 

Artificial intelligence (AI) is transforming implant positioning via employing cutting-edge algorithms to interpret 
information and control procedures, wherein machine learning methods evaluate 3D imaging data, tissue datasets and 
digital impressions to define optimal implant sites with high precision (38, 39). It handles major tasks like defining bone 
structures prior to surgery and adjusting drill pathways intraoperatively, producing highly accurate and reliable 
outcomes. Conventional implant placement based on freehand techniques guided by surgeon expertise and two-
dimensional imaging, frequently resulting in complications including nerve injury, implant failure and sinus perforation. 
This resulted in the emergence of computer-assisted implant surgery (CAIS), initially using static guides derived from 
CBCT imaging; however, these surgical guides are fixed and can be dislodged during operations. Dynamic guidance 
systems were subsequently developed to enable live visual monitoring of drilling tools; however, they still need 
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operator adjustment and are impacted by patient motion and adjacent soft tissues. Navigation platforms have evolved 
into AI-augmented platforms that enhance surgical accuracy, comprising robotic systems that merge AI with mechanical 
regulation to achieve precise implant placement. These developments, combined with CBCT-based datasets and 
intraoral scans are moving toward integrated “single-click” processes where execution, guidance and planning become 
progressively automated. In the future, integrating artificial intelligence with systems Involving augmented reality may 
further enhance clinical accuracy and visualization across dental implant positioning 

AI-based implant navigation systems demonstrate strong performance despite advancements, offering faster 
workflows, high precision and improved consistency with errors lowered to below 2 degrees and 0.5 mm. However, key 
limitations persist, such as the “black-box”, behavior of AI-based decision-making. (38, 39) 

4. Future Directions 

Artificial intelligence has transformed from a theoretical idea into a practical tool that is increasingly impacting modern 
dentistry. In digital implantology, AI and machine learning approaches have demonstrated considerable potential in 
improving workflow processes particularly through evaluation of CBCT imaging and intraoral scan datasets. These 
technologies allow more precise anatomical assessment, improved treatment planning, more predictable surgical 
results. 

AI-derived implant systems demonstrate strong performance by improving workflow speed, overall accuracy and 
consistency with conventional methods. Implant positioning errors have been markedly decreased demonstrating the 
enhanced reliability of these systems in clinical use. Although these improvements are significant, challenges including 
the “black-box” AI-based decision processes, demand for extensive validation and reliance on high-quality data still 
persist. 

Future advancements are likely to emphasize on multimodal AI systems that combine individualized clinical data, 
intraoral scans and CBCT datasets to generate more complete virtual models. Furthermore, real-time surgical guidance, 
robotic implant placement and augmented reality systems are expected to further enhance surgical accuracy and 
imaging. Extensive multi-center validation studies will be necessary to ensure the safety, generalizability and accuracy 
of such innovations across multiple clinical contexts. 

5. Conclusion 

Artificial intelligence is becoming an increasingly important component of digital implant dentistry. Current evidence 
suggests that AI-based systems can support implant detection, implant classification, anatomical segmentation, CBCT 
interpretation, virtual implant positioning, and image-guided surgical planning. By improving the speed, consistency, 
and accuracy of radiographic assessment and preoperative planning, these technologies may help clinicians reduce 
operator-dependent variability and improve treatment predictability. 

Despite these promising developments, AI should currently be regarded as a supportive tool rather than a replacement 
for clinical judgment. Important limitations remain, including dependence on high-quality and diverse datasets, reduced 
transparency of decision-making processes, variation among imaging protocols, and the need for broader clinical 
validation. Future research should focus on multicenter studies, standardized datasets, real-time navigation, 
multimodal integration of CBCT and intraoral scan data, and the safe incorporation of robotic and augmented reality 
systems into implant workflows. 

Overall, AI has the potential to make dental implant planning and detection more accurate, efficient, and patient-specific. 
However, its successful clinical implementation will depend on careful validation, ethical use, clinician supervision, and 
integration into practical digital workflows. 
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