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Abstract

Objectives: To reduce the problems arising from the inability to identify dental implant brands, this study aims to classify various dental implant
brands using deep learning algorithms on panoramic radiographs.

Methods: Images of 4 different dental implant systems (NucleOSS, Medentika, Nobel, and Implance) were used from a total of 5375 cropped
panoramic radiographs. To enhance image clarity and reduce blurriness, the contrast limited adaptive histogram equalization filter was applied.
GoogleNet, ResNet-18, VGG16, and ShuffleNet deep learning algorithms were utilized to classify the 4 different dental implant systems. To
evaluate the classification performance of the algorithms, Receiver Operating Characteristic (ROC) curves and confusion matrices were gener-
ated. Based on these confusion matrices, accuracy, precision, sensitivity, and F1 score were calculated. The Ztest was used to compare the
performance metrics across different algorithms.

Results: The accuracy rates of the deep learning algorithms were obtained as 96.00% for GoogleNet, 84.40% for ResNet-18, 98.90% for
VGG16, and 84.80% for ShuffleNet. A statistically significant difference was found between the accuracy rate of the VGG16 algorithm and
those of GoogleNet, ShuffleNet, and ResNet-18 (P<.001, P<.001, and P< .001, respectively).

Conclusions: With the achievement of high accuracy rates, deep learning algorithms are considered a valuable and powerful method for identi-

fying dental implant brands.
Keywords: automatic identification; deep learning; dental implant.

Introduction

Dental implants are a widely used treatment method for the
oral rehabilitation of patients with partial or complete
edentulism."* Today, they are considered an ideal treatment
option, particularly for individuals with good overall oral hy-
giene, as they provide both functional and aesthetic support.
In recent years, the increasing demand for dental implants
can be attributed to several key factors, including the rise in
tooth loss associated with longer life expectancy, growing
aesthetic concerns, increased social awareness, a higher inci-
dence of partial or complete edentulism, and complications
related to conventional prostheses.” However, alongside the
widespread use of implants, mechanical issues such as frac-
tures of implant screws or bodies, as well as biological com-
plications like peri-implantitis, may arise, negatively affecting
the long-term success of dental implants.*?

In this context, complications associated with dental
implants have become an increasing concern for the global
dental community and represent a significant public health is-
sue, imposing a substantial socioeconomic burden.® The early
detection and effective management of these complications
require the accurate identification and classification of dental
implant systems. However, in clinical practice, determining

the specific implant system used after implant surgery can be
challenging due to factors such as the closure of dental clinics
or the loss of patient records. The presence of more than 300
dental implant manufacturers worldwide and the variations
in macro- and micro-designs among implant brands further
complicate the identification process. According to the litera-
ture, approximately 3% of implants must be removed because
the implant system used cannot be determined, preventing any
prosthetic treatment or repair procedures.”

One of the most commonly used methods for identifying
and classifying implant systems is 2-dimensional dental radi-
ography, including panoramic and periapical radiographs.
However, factors such as similar designs, low resolution, and
angular variations limit the reliability of manual identifica-
tion methods. Consequently, there is an increasing need for
more objective and automated approaches.”

In this regard, artificial intelligence-based systems have
demonstrated significant potential. Deep learning, a subfield
of artificial intelligence, offers a wide range of applications in
the medical domain. Deep learning algorithms model biologi-
cal neural networks within a computational framework.
With the development of artificial neural networks, the con-
cept of deep learning has emerged, leading to extensive
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research in this field.'” These algorithms are widely employed
in image recognition, classification, and object detection.'’
This innovative technology, based on deep neural networks
with multiple layers and hidden units, has been associated
with high accuracy rates in medical image analysis, particu-
larly in edge detection, classification, and segmentation
tasks.'?

In the field of dentistry, deep and convolutional neural net-
works are increasingly preferred for analyzing 2- and 3-di-
mensional dental images."*™"® Studies in the literature have
demonstrated significant advancements in the identification
and classification of dental implant systems using deep
learning algorithms based on 2-dimensional radiographic
images.'*'%'® These studies indicate that, compared to con-
ventional methods, deep learning-based models not only re-
duce processing time but also achieve higher accuracy rates
than dental specialists in the field of implantology.'*'® Even
when working with images containing limited information,
such as panoramic or periapical radiographs, these algo-
rithms are capable of distinguishing implant systems with
high success rates by recognizing subtle differences in implant
design, thereby enhancing classification performance. These
findings suggest that deep learning models offer an objective,
rapid, and reliable alternative for the identification of dental
implants.'?*°

The aim of this study is to classify various dental implant
brands using deep learning algorithms on panoramic radio-
graphs as a means to mitigate the problems arising from the
inability to identify dental implant brands due to various clin-
ical and environmental factors.

Methods and materials

This study was approved by the Pamukkale University Non-
Interventional Clinical Research Ethics Committee (Approval
number: E-60116787-020-507049). This committee waived
the need for individual informed consent, and thus, a written/
verbal informed consent was not obtained from any partici-
pant, as this study featured a non-interventional retrospective
design and all the data were analyzed anonymously.

Collection of images

In this study, images of 275 patients who underwent dental
implant surgery at the Department of Oral and Maxillofacial
Surgery, Faculty of Dentistry, Pamukkale University between
2019 and 2024 and who had panoramic radiographs
obtained with a Digital Orthopantomography (OP200D;
Instrumentarium Corp., Imaging Department, Tuusula,
Finland, 60 kVp, 6.3mA, and 14.1s scan time) at the
Department of Oral and Maxillofacial Radiology were used.

Creating datasets

Panoramic radiographs of 275 patients were classified as
NucleOSS  (NucleOSS Dental Implant System, Izdent
Medikal, Izmir, Turkey), Implance (Imlance Dental Implant
System, FMK Dental Medikal, Denizli, Turkey), Medentika
(A Straumann Group Brand, Batigroup Dental Dental
Products Trade Inc., Hiigelsheim, Germany), and Nobel
(Nobel Biocare NobelActive and Branemark system,
Gothenburg, Sweden) according to the dental implant archive
records of the Department of Oral, Dental and Maxillofacial
Surgery. Although there are different implant types within
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each implant brand, no further sub-classification was made,
and they were all included in the study under the same main
brand name. Classified panoramic radiographs were cropped
using Adobe Photoshop Elements (Adobe Systems, Inc., San
Jose, CA, United States) to cover the entirety of a single den-
tal implant for the preparation of data analysis. As a result of
the cropping process, a total of 1075 radiographic images of
dental implants were obtained, corresponding to 4 implant
systems: NucleOSS (530 images), Medentika (193 images),
Implance (184 images), and Nobel (168 images). A total of
1075 cropped images were saved in Portable Network Graphics
(PNG) format.

A dataset consisting of cropped radiographic images classi-
fied according to dental implant brands was prepared. The
prepared dataset was subjected to digital preprocessing
using MATLAB Software (The MathWorks Inc., Natick,
Massachusetts, United States). The images, originally in PNG
format, were reduced to 224 x 224 pixels.

The dataset was expanded using various data augmenta-
tion techniques (reflection, rotation, scale, shear, and transla-
tion). The total number of images obtained after the data
augmentation process was determined as 5375.

After this process, a contrast limited adaptive histogram
equalization filter in MATLAB was used to sharpen the
images and reduce blur. The contrast enhancement limit was
set to 0.0035 as the clip limit parameter.

The general schema of the dataset preparation process used
in this study is presented in Figure 1. 80% of the collected
datasets were used to train the artificial intelligence, and
20% were used to test the trained artificial intelligence.

Classification algorithms

In this study, GoogleNet, ResNet-18, VGG16, and
ShuffleNet algorithms were utilized to classify dental implant
brands radiographically.

The GoogleNet architecture is a deep neural network
model consisting of a total of 27 layers, including pooling
layers. It includes a 1 X 1 convolutional layer with 128 filters
and ReLU activation function for dimensionality reduction.
This is followed by a fully connected layer with 1024 units
and a dropout layer with a 70% dropout rate. Finally, a lin-
ear layer with softmax loss, which is removed during infer-
ence, is included in the model.*!

ResNet-18 consists of 22 layers in total, starting with a
convolutional layer, followed by 8 residual blocks, and con-
cluding with a fully connected layer.*”

VGG16 presents a deep network architecture with 13 con-
volutional layers and 3 fully connected layers. This model uti-
lizes small 3 x 3 filters in each convolutional layer, enhancing
depth and allowing for detailed feature extraction.”?

ShuffleNet is primarily based on grouped convolution
and channel shuffle operations. Grouped convolution reduces
computational cost by dividing the weights into smaller
groups and processing each group separately. Channel shuffle
addresses potential disconnections in feature maps caused by
independent group processing, ensuring more efficient infor-
mation flow.**

These models were pre-trained using the ImageNet8 data-
set, which comprises over 1 million images across 1000 clas-
ses.”> However, since the dataset used in this study consisted
of 4 classes, the final layer of each model was replaced with a
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Figure 1. The general schema of the dataset preparation process.

fully connected layer with 4 outputs to classify dental implant
brands.

Evaluation criteria for algorithm performance

In order to evaluate the classification success of the algo-
rithms, a Receiver Operating Characteristic (ROC) curve was
created using the detection rate-false positive rate values. In
addition, true positive (TP), true negative (TN), false positive
(FP), and false negative (FN) values were determined, and
confusion matrices were created. Accuracy, precision, recall,
and F1 score were calculated based on this confusion matrix.

According to eqn (1), accuracy is defined as the ratio of
correct predictions to the total predictions made by the model
on the entire dataset. Recall indicates how many of the actual
positive examples of a class were correctly predicted, and as
shown in eqn (2), it is calculated as the ratio of true positive
predictions to all actual positive examples. Precision, defined
in eqn (3), shows how many of the positive predictions made
by the model are truly correct. The F1-score, which balances
precision and recall, is expressed as the harmonic mean of
these 2 metrics in eqn (4). The use of the F1-score provides a
reliable method for comprehensively evaluating the model’s
performance.

A - TP + TN 0
YT L FP + FN + TN

TP

TP ,

Precision TP P 2)
TP

- ;

Recall TP N 3)

F1 score:2 x_(Recall x_Precision) )

Recall + Precision

Model visualization

Gradient-weighted Class Activation Mapping (Grad-CAM) is
a technique used to visualize the most influential regions in
an image that contribute to a model’s classification decision.
By utilizing gradient information from the final convolutional

layer, Grad-CAM identifies the key regions and represents
them using heatmaps, where more significant areas are
highlighted with warmer colors (e.g., red). This approach
enhances the interpretability of the model’s decision-making
process.” In this study, images were visualized and classified
by Grad-CAM for each CNN model. The heat map generated
using Grad-CAM was reconstructed with the last convolu-
tion layer.

Statistical method

Data were analyzed using Microsoft Excel (Microsoft
Corporation, Redmond, WA, United States). Z test was used
to compare the results of performance metrics according to
algorithms. To reduce the risk of Type I error and to control
p-value inflation in multiple Z-test analyses, the Bonferroni
correction was applied to the p-values for all multiple com-
parisons. Significance level was taken as P < .05.

Results

Following the data augmentation process, a total of 5375
images were obtained. The dental implant brands used in the
study are NucleOSS, Medentika, Nobel, and Implance, with
the number of images corresponding to each brand being
2650, 9635, 920, and 840, respectively.

The detection rate and false positive rate of GoogleNet,
ResNet-18, VGG16, and ShuffleNet algorithms and the
obtained ROC curves are presented in Figure 2. All ROC
curves are close to the (0,1) point, and the models show good
performance.

Confusion matrices of GoogleNet, ResNet-18, VGG16,
and ShuffleNet algorithms are shown in Figure 3.

Accuracy, precision, recall values, F1 score, and overall ac-
curacy of all 4 algorithms in dental implant classification are
presented in Table 1.

Sample images of heat maps of 4 different dental implant
brands are presented in Figure 4. The areas coded with warm
colors in the visualization are generally focused on the body
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Figure 2. ROC curves of GoogleNet, ResNet18, VGG 16, and ShuffleNet.

and threads of the dental implants. However. There are also
areas coded with warm colors in the surrounding tissue.

The results of performance metrics were compared accord-
ing to the algorithms. The comparison of accuracy rates is
presented in Table 2. The comparison of precision values in
Table 3, the comparison of recall values in Table 4, and the
comparison of F1 scores in Table 5.

The comparison of overall accuracy values for GoogleNet,
ResNet-18, VGG16, and ShuffleNet algorithms in dental im-
plant classification is presented in Table 6.

Discussion

Deep learning algorithms are artificial intelligence-based sys-
tems with the potential to minimize human errors and enable
faster, more accurate classification by analyzing large data-
sets.”® Although a comprehensive dataset of 5375 cropped
panoramic images in this study positively influences algo-
rithm performance, factors such as data quality, diversity,
overload, and data augmentation techniques also play a sig-
nificant role, leading to variations in performance.”” CNN
accuracy rates were in the current study: GoogleNet 96.00%,
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ResNet-18 84.40%, VGG16 98.90%, and ShuffleNet
84.80%. The classification of dental implants was successfully
accomplished with high accuracy. An analysis of the ROC
curves indicated that all 4 algorithms were close to the (0,1)
point, supporting the finding that the models performed well.
On the other side, it was observed that the models maximized
true positives while minimizing false positives. These findings
suggest that CNN is a valuable method for clinical
applications.

Previous studies on dental implant classification show that
Kim et al.?® achieved an accuracy rate of 93.00% with
GoogleNet, while Said et al.”® reported 93.80%, which are
relatively lower than the accuracy rate in this study. These
differences may be attributed to the variation in the dental
implant brands and the smaller datasets compared to this re-
search. In contrast, Tiryaki et al.'"® achieved the GoogleNet
accuracy rate of 97.20%, which is slightly higher than that of
this study, possibly due to the more extensive dataset used
in their study. The high accuracy rates obtained with
GoogleNet across various studies, including this 1, can be at-
tributed to its structural features, such as an Inception
architecture-focused deep learning model.>!
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Figure 3. Confusion matrices of GoogleNet, ResNet18, VGG16, and ShuffleNet.

Table 1. Accuracy, precision, recall, F1 score, and overall accuracy of GoogleNet, ResNet-18, VGG16, and ShuffleNet algorithms in dental implant

classification.

Accuracy (%) Precision Recall F1 score Overall accuracy (%)
GoogleNet Medentika 97.59 0.95 0.92 0.93 96.0
Nobel 98.79 0.97 0.95 0.96
NucleOSS 96.62 0.96 0.98 0.97
Implance 98.85 0.97 0.97 0.97
ResNet-18 Medentika 91.05 0.81 0.70 0.75 84.40
Nobel 94.0 0.85 0.80 0.82
NucleOSS 87.64 0.85 0.92 0.88
Implance 93.77 0.85 0.82 0.83
VGGl6 Medentika 99.29 0.99 0.97 0.98 98.90
Nobel 99.63 0.98 0.99 0.99
NucleOSS 99.24 0.99 1.0 0.99
Implance 99.61 0.99 0.98 0.99
ShuffleNet Medentika 90.54 0.79 0.70 0.74 84.80
Nobel 94.96 0.89 0.81 0.85
NucleOSS 87.32 0.84 0.93 0.88
Implance 94.80 0.91 0.81 0.86

Kim et al.?° reported an accuracy rate of 98.00% with
ResNet-18, which is higher than that of our study. Despite
using a smaller dataset, the higher accuracy rate may be due
to better optimization of hyperparameters or differences in
image quality. Sukegawa et al.>” achieved an accuracy rate of
97.87% in single-task learning and 98.03% in multi-task
learning. These findings, along with ours, confirm that high
accuracy rates can be obtained with ResNet-18 due to its
“residual block” structures, which enable effective feature
learning despite having fewer parameters than deeper archi-
tectures.”> However, it should be noted that the model’s

success depends on the dataset and the optimization of
hyperparameters.?>°

Sukegawa et al.'"* reported an accuracy rate of 89.90%
with standard VGG16, while fine-tuned VGG16 achieved
93.50%. This discrepancy was attributed to fine-tuned
VGG16 benefits from more specific and optimized hyper-
parameters (1). Other studies reported accuracy rates of
97.60% (Tiryaki et al.'®) and 92.61% (Leblebicioglu
Kurtulus et al.'”), which were relatively lower than that of
our study. This high accuracy rate may be attributed to the
effective use of data augmentation techniques and
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Figure 4. Example of heat activation maps of 4 different dental implants classified by Grad-CAM.

Table 2. Comparison of accuracy values between algorithms (Z test with
a Bonferroni correction, Pvalues).

Table 3. Comparison of precision values between algorithms (Z test with
a Bonferroni correction, Pvalues).

Dental implant

Dental implant

brand Algorithm  GoogleNet  ResNet-18 VGG16 brand Algorithm  GoogleNet ResNet-18 VGG16
Medentika GoogleNet  — Medentika GoogleNet — —

ResNet-18  <0.001* — ResNet-18  <0.001* —

VGG16 0.003** <0.001* — VGG16 <0.001* <0.001* —

ShuffleNet  <0.001* 0.698 <0.001* ShuffleNet  <0.001* 0.272 <0.001*
Nobel GoogleNet  — Nobel GoogleNet — —

ResNet-18  <0.001* — ResNet-18  <0.001* —

VGG16 0.052 <0.001* — VGG16 0.189 <0.001* —

ShuffleNet  <0.001* 0.413 <0.001* ShuffleNet  <0.001* 0.015%* <0.001*
NucleOSS GoogleNet  — NucleOSS GoogleNet — —

ResNet-18  <0.001* — ResNet-18  <0.001* —

VGG16 <0.001* <0.001* — VGG16 <0.001* <0.001* —

ShuffleNet  <0.001* 0.725 <0.001* ShuffleNet  <0.001* 0.315 <0.001*
Implance GoogleNet — — Implance GoogleNet — —

ResNet-18  <0.001* — ResNet-18  <0.001* —

VGG16 0.062 <0.001* — VGG16 0.002** <0.001* —

ShuffleNet  <0.001* 0.341 <0.001* ShuffleNet  <0.001* <0.001* <0.001*

P-values for all multiple comparisons have been adjusted by applying the
Bonferroni correction.
P <.001.
"P<.05.

hyperparameter optimization, which enhance model generali-
zation and improve dental implant classification
performance.

This study is the first, to our knowledge, to classify dental
implants using ShuffleNet. The ShuffleNet architecture achieved
high accuracy in this study, marking a notable contribution
to the literature. This high accuracy rate is likely due to the
effective implementation of group convolutions and channel
shuffle mechanisms.>* Despite its lightweight architecture

P-values for all multiple comparisons have been adjusted by applying the
Bonferroni correction.
P <.001.
“P<.05.

and low parameter count, ShuffleNet’s ability to maintain
high accuracy demonstrates its potential as an effective
solution for complex datasets such as dental radiographic
images.”* This suggests that models optimized for resource-
limited systems or portable devices could be developed us-
ing ShuffleNet.

To our knowledge, this study represents the first statistical
comparison of CNN models for dental implant classification.
The classification accuracy rankings from highest to lowest
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Table 4. Comparison of recall values between algorithms (Z test with a
Bonferroni correction, Pvalues).

Dental implant

brand Algorithm  GoogleNet  ResNet-18  VGG16
Medentika GoogleNet — —

ResNet-18  <0.001* —

VGG16 <0.001* <0.001* —

ShuffleNet  <0.001* 1.000 <0.001*
Nobel GoogleNet — —

ResNet-18  <0.001* —

VGG16 <0.001* <0.001* —

ShuffleNet  <0.001* 0.615 <0.001*
NucleOSS GoogleNet — —

ResNet-18  <0.001* —

VGGl6 <0.001* <0.001* —

ShuffleNet  <0.001* 0.167 <0.001*
Implance GoogleNet — —

ResNet-18  <0.001* —

VGG16 0.170 <0.001* —

ShuffleNet  <0.001* 0.581 <0.001*

P-values for all multiple comparisons have been adjusted by applying the
Bonferroni correction.
P <.001.

Table 5. Comparison of F1 scores among algorithms (Ztest with a
Bonferroni correction, Pvalues).

Dental implant

brand Algorithm  GoogleNet  ResNet-18  VGG16
Medentika GoogleNet — —

ResNet-18  <0.001* —

VGGl6 <0.001* <0.001* —

ShuffleNet  <0.001* 0.614 <0.001*
Nobel GoogleNet — —

ResNet-18  <0.001* —

VGG16 <0.001* <0.001* —

ShuffleNet  <0.001* 0.098 <0.001*
NucleOSS GoogleNet — —

ResNet-18  <0.001* —

VGG16 <0.001* <0.001* —

ShuffleNet  <0.001* 1.000 <0.001*
Implance GoogleNet  —

ResNet-18  <0.001* —

VGG16 0.002** <0.001* —

ShuffleNet  <0.001* 0.075 <0.001*

P-values for all multiple comparisons have been adjusted by applying the
Bonferroni correction.
"P<.001.
P <.0S.

Table 6. Comparison of overall accuracy values of algorithms (Z test with
a Bonferroni correction, Pvalues).

Algorithm GoogleNet ResNet-18 VGG16
GoogleNet —

ResNet-18 <0.001* —

VGGl6 <0.001* <0.001* —
ShuffleNet <0.001* 0.566 <0.001*

P-values for all multiple comparisons have been adjusted by applying the
Bonferroni correction.
P <.001.

were VGG16, GoogleNet, ShuffleNet, and ResNet-18 in the
current study. Statistical analysis revealed a significant differ-
ence between the accuracy rates of VGG16 and those of
GoogleNet, ResNet-18, and ShuffleNet (P <.001 for all).

The deeper and broader architecture (more parameters and
number of layers) of VGG16 has increased its ability to learn
complex features, which may have resulted in higher accu-
racy. In contrast, the lower number of parameters and layers
in GoogleNet, ResNet-18, and ShuffleNet may have resulted
in limitations and disadvantages in their capacity to learn
complex details when working with small datasets or com-
plex data structures.

A significant difference was also observed between the
accuracy rates of GoogleNet and both ResNet-18 and
ShuffleNet (P <.001, P <.001), suggesting that GoogleNet’s
higher parameter count enhances learning capacity. However,
no statistically significant difference was found between
ResNet-18 and ShuffleNet (P=.566), indicating that both
models may have similar learning capacities or that the dataset
complexity was insufficient to highlight performance differen-
ces between them.

In this study, it was determined that the VGG16 algorithm
achieved the highest accuracy rate of 99.63% for the Nobel
brand, followed closely by the GoogleNet algorithm in
98.79%. However, the difference between them was not sta-
tistically significant (P =.052).

VGG16 algorithm achieved the highest accuracy rate of
0.99 for the Medentika, NucleOSS, and Implance brands,
and the highest sensitivity value of 1.0 for the NucleOSS
brand. Also, it achieved the highest F1 score of 0.99 for the
Nobel, NucleOSS, and Implance brands. These results indi-
cate that the VGG16 algorithm exhibits high performance,
and the suitability of the dataset to distinguish subtle differ-
ences among dental implant brands. The deep architecture of
VGG16, consisting of 16 layers, has proven particularly ef-
fective in achieving high sensitivity and accuracy values. The
sensitivity value of 1.0 for the NucleOSS brand highlights the
model’s superior performance in detecting true positives.
Similar findings have also been reported accuracy rates of
90% and above by Tiryaki et al.'®, Leblecioglu Kurtulug
etal.!’, and Sukegawa et al’.

When evaluating the general performance metrics of dental
implant brands, it is observed that despite having the highest
number of radiographic images, the NucleOSS brand exhibits
the lowest accuracy rate across all algorithms. Similarly,
Tiryaki et al.'® reported that the Implance brand, which had
the largest number of images in their study, did not achieve
the highest accuracy rates. This condition suggests that fac-
tors such as image angle and quality may affect classifica-
tion accuracy.

While the Medentika brand demonstrated the lowest sensi-
tivity and F1 scores across all algorithms, the Nobel brand
recorded the lowest accuracy value only in the VGG16 algo-
rithm. In contrast, for other algorithms, the lowest accuracy
value is observed in the Medentika brand. These variations
may be attributed to differences in the macroscopic charac-
teristics of the implants.

The microscopic and macroscopic differences among den-
tal implants complicate the classification.”*' CNN studies
increase the transparency of the classification process by
identifying image regions that influence the model’s decisions
through model visualization, like the Grad-CAM tech-
nique.”> In our study, Grad-CAM visualizations that the
model primarily focuses on the implant body and threads
while considering surrounding tissues. Similarly, Sukegawa
et al.'"* found that fine-tuned and transfer learning-based
VGG16 and VGG19 algorithms improve classification
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accuracy by identifying specific regions. Their findings, con-
sistent with our results, emphasized that surrounding tissues,
in addition to the dental implant itself, serve as distinguishing
factors. In contrast, Park et al.’* reported that Grad-CAM
analyses primarily highlight the main components of the den-
tal implant and that confounding factors do not significantly
impact classification accuracy.

This study had several limitations. First, the dataset was
relatively limited in size and focused on a few dental implant
brands, which may affect the models’ generalizability across
the wide variety of implants, using larger datasets. Although
data augmentation was used in this study, future studies
should aim to use more extensive datasets and brands to fur-
ther improve performance. Second, the study relied on manu-
ally cropped images from panoramic radiographs; future
research should focus on classifying dental implants directly
from original panoramic radiographs to assess performance
differences. Despite these limitations, to our knowledge, no
other study has compared these 4 algorithms across these 4
implant brands. In this respect, we believe that we have made
a complementary and developing contribution to the existing
literature on different implant brands.

Conclusion

In conclusion, the high accuracy rates achieved in this study
with a limited dataset demonstrate the effectiveness of arti-
ficial intelligence-based systems in dental implant class-
ification. While VGG16 provided the highest accuracy,
ShuffleNet offered advantages for low-computational-power
applications due to its lightweight architecture. These find-
ings highlight the significance of deep learning algorithms not
only in terms of accuracy but also in practical use and clinical
integration potential.
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