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Abstract - Accurately identifying orthopaedic implants is a crucial step in executing revision surgeries, as any misidentification can
result in surgical delays and adverse outcomes. With the rising number of primary and revision surgeries for wrist replacement, there is
a growing need for a reliable method to recognize the make and model of wrist implants depicted in X-ray images. This paper proposes
an innovative approach that employs deep learning techniques to accurately identify wrist implants, potentially enhancing the precision
and efficiency of revision surgeries. The study demonstrated that the utilisation of deep learning techniques was extremely effective in
identifying the exact make and model of wrist implants from X-ray images, with a remarkable accuracy rate of 95.12% a superior Area
Under Curve (AUC) of 0.9959 in identifying 3 models of total wrist prosthesis.
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1. Introduction

Wrist replacement surgery, formally referred to as total wrist arthroplasty (TWA), is a surgical procedure that is
performed to alleviate arthritis in the wrist joint.[1]. The TWA is more effective in preserving the motion of the wrist joint,
helps in relieving pain [2], and provides strength and stability to perform day-to-day activities without much trouble [1].

However, replacement implants suffer from huge complications such as implant loosening, instability, periprosthetic
fractures, and dislocations which demand the need for revision surgery. Sometimes the requirement for repeat revision arises
because of carpal and radial component loosening and infection. On average, the revision rates of TWA vary between 0% to
60% depending on the above-mentioned factors [2]. Rates of failure of TWA depend on implant fixation methods and
implant design. TWA tends to fail earlier than Knee and Hip arthroplasty [3]. According to the report of the Australian joint
registry in 2022, there were 884 wrist replacements performed in Australia alone out of 116 revisions of wrist implants [4].
The Annual report of the Dutch Arthroplasty Register published in 2022 indicates that there were 576 recorded total wrist
replacements from 2017 to 2021, out of which 145 were revisions of wrist implants [5]. Identification of the implant is the
first and most important step when planning a revision surgery. Failure to identify an implant can cause higher blood loss,
increased healthcare costs, and complex surgeries [6]. The paper proposes a novel and efficient framework that implements
deep learning techniques to effectively analyse total wrist replacement implants, potentially leading to improved diagnostic
and treatment strategies for patients. The work uses Data albumentations methods [7] and transfer learning-based pre-trained
models such as VGG16 [8], Resnet50V2 [9], and MobilenetV2 [10] for the classification of implants

2. Literature Survey

Natalia et al investigated how much time surgeons spent identifying failed implants. According to a 2012 survey, 87%
of surgeons used at least three methods to identify failed implants prior to surgery, with the median surgeon identification
time being 20 minutes. The use of UDIs in TJA registries and Electronic Medical Records (EMR) has been identified as best
practice to support implant identification and save time [11].
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Sukrit et al used Deep Learning to accurately identify 6 total knee replacement implants with an Area under the Curve
value of 0.985. The study employed both AP and LAT view images. DenseNet201 and VGG16 models were used in the
study, with DenseNet201 outperforming the others [12].

Ravi et al proposed a convolutional neural network (CNN) that can recognize orthopaedic implant models from
radiographs. 12 implant models from 650 patients were included in a dataset of 427 knee and 922 hip unilateral
anteroposterior radiographs. On a balanced unseen dataset of 180 radiographs, the newly developed U-Net segmentation
network was able to mask around the implants on radiographs, achieving a remarkable 98.9% accuracy and 100% top-three
accuracy [13].

Zibo et al applied an Al-based method to identify femoral implant makers and models in total hip arthroplasty (THA)
using anteroposterior plain radiographs. The study's deep learning system achieved accuracy rates of 97.9%, sensitivity rates
of 88.6%, and specificity rates of 98.9% in the testing set of external images [14].

The automated identification of orthopaedic implants, with applications in knee and hip arthroplasty, has demonstrated
great potential as a result of recent developments in deep learning and Artificial Intelligence (Al) techniques. These models
have proven to be highly accurate and reliable, often even outperforming senior orthopaedic doctors. The proposed novel
framework approach utilises deep learning's potential for identifying orthopaedic whole-wrist replacement implants.

3. Dataset Description

The Dataset gathered consists of three different wrist replacement models. Upon obtaining appropriate authorization,
the acquired dataset encompassed X-ray images captured from two different angles, namely the front-to-back i.e. Anterior-
Posterior (AP) and side i.e. Lateral (LAT) views, offering a complete and diverse set of data for the analysis. Due to the low
count of LAT images, they were discarded and the study used only AP images. The table below contains the names of the
make and model of the implants, and the number of available images for each view. The data has been completely
anonymized, with all patient details removed to protect their privacy. The images were only labelled for the Make and Model
of the respective implants. Table 1 below lists the implants used in the proposed work.

Table 1: Implants used in the proposed work.

MAKE MODEL AP IMAGES LAT IMAGES
DEPUY BIAX 22 9
INTEGRA UNIVERSAL 2 |49 4
ZIMMER BIOMET MAESTRO 35 2

Due to the low count of LAT images, they were discarded and the study used only AP images.
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Figure 1 (A-C): Raw images of Depuy Biax, Integra Universal 2, and Zimmer Maestro total wrist implants

Figure 1 shows the original images of Depuy Biax, Integra Universal 2, and Zimmer Maestro total wrist replacement
implants

4. Methods and Methodology

4.1.1 Training Set - 70% of the total data for the purpose of training our models. Training of the models depends on
the quality of the data that is used. To increase the capacity of the training and to make the model more robust to real-time
external images, data augmentations are performed.

4.1.2 Validation Set / Internal Testing Set - The validation set comprises 30% of our unaugmented total data to
assess the performance of our model after training. By setting aside this separate subset of data, one can evaluate the model's
accuracy and identify any issues with overfitting or underfitting, ensuring that it can generalize effectively to new and unseen
data.

4.1.3 Data Augmentation - Data augmentation is the technique of creating more images from existing ones by applying
minor modifications to the original dataset. This method applies only to the training sample. To evaluate the effectiveness of
our model, we maintain the testing data in its original form without making any alterations. For our method, we made use of
the albumentations techniques [7] such as Vertical and Horizontal Flip, Random Rotation, and changing the sharpness and
contrast of the images were the few techniques used in a random trial and error manner. The number of data samples increased
from 106 to 1800 (each implant class consists of 600 images).

4.2. Deep Learning Methods

After using data augmentation methods, the next step would be to train the model using these augmented images.
Convolutional neural networks (CNN) are particularly useful for this task because they can extract and learn important
features from the images that are essential for accurate classification. CNNs are a highly effective deep learning technique
for classifying wrist implants from their image. The fundamental structure of a CNN architecture comprises three primary
categories of layers: convolutional, pooling, and fully connected. Convolutional layers are responsible for extracting
significant features from the input image, whereas pooling layers assist in decreasing the dimensionality of the feature maps
generated by the convolutional layers. Utilising the extracted features, the fully connected layer performs the classification
of the wrist implant's class depicted in the image. To make a prediction, the fully connected layer produces class scores using
the softmax activation function. The scores assigned to each class denote the probability of the image being classified under
any of the possible categories. Subsequently, the class with the highest probability is designated as the inferred class of the
image [15]. In deep learning, transfer learning has gained popularity as a technique that employs pre-trained models to
initialise the training of new models, resulting in a reduction of the necessary training time required to achieve optimal
performance.. In this paper, the authors focus on three models pre-trained on the ImageNet dataset - VGG16, ResNet50V2,
and MobileNet. Transfer learning is a powerful tool that leverages the knowledge learned from large datasets to improve the
performance of new models even when working with limited data [16].
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4.3. Proposed Method:

The proposed model architecture uses ResNet50V2 [9] as the base model with additional fine-tuning techniques to
improve accuracy.ResNet50V2 is a deep neural network architecture that includes residual connections, which help to
address the issue of vanishing gradients when training very deep networks. Each ResNet50V2 block contains convolutional
layers, batch normalisation, and activation layers, followed by an identity block with a skip connection. It also includes a
max pooling layer with a 2x2 pool size and stride. The output of the convolutional layers is combined with the output of the
identity block using skip connections. The resulting output is then passed through a nonlinear activation function, such as
ReLU or sigmoid, to produce the block output. Additionally, the use of batch normalisation layers in ResNet50V2 helps to
improve training by reducing internal covariate shifts. The 'softmax’ activation function and 'Adagrad’ optimizer were then
used to optimise the model for the specific task at hand.
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Figure 2: Schematic Diagram of ResNet50V2 Model [17]

Figure 2 shows the diagram of Resnet50V2 Model which had showed superiority in the proposed work

5. Results and Discussion

5.1. Data Augmentation Results:
Figure 3 shows the rotated Images of Depuy Biax, Integra Universal 2, and Zimmer Maestro total wrist implants in

various angles thereby increasing the number of training images.

A B C
Figure 3 (A-C): Rotated Images of Depuy Biax, Integra Universal 2, and Zimmer Maestro total wrist implants
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5.2 Deep Learning Results:

Table 2: Best obtained results in the classification of Implants across various Deep learning models

Model Number of Training Training Loss Validation Validation Loss
epochs Accuracy (%) Accuracy (%)

Resnet50Vv2 30 95.89 0.1944 95.12 0.2106

VGG16 30 99.81 0.0622 93.94 0.2577

MobileNet 30 99.10 0.1410 92.68 0.3831

Table 2 shows the best-obtained results in the classification of implants across 3 different deep learning models after
rigorous fine tuning. Table 2 reveals that ResNet50V2 outperforms other models with a Validation Accuracy of 95.12%.

5.3. Performance Metrics:

In order to assess the performance of the trained model, the authors employ a set of performance metrics. These metrics
include precision, recall, F1 score, Accuracy, and Area Under Curve (AUC), Confusion Matrix [18] which were determined
by the number of true positives, false positives, true negatives, and false negatives [19].

Table 3: Performance metrics for classification of Implants across various Deep learning models

Model Number of AUC Precision Recall F1 Score
epochs

Resnet50v2 | 30 0.9959 0.9508 0.9364 0.9427

VGG16 30 0.9921 0.9512 0.9285 0.9304

MobileNet 30 0.9886 0.9565 0.9061 0.9259

Table 3 shows the best obtained performance metrics in the classification of implants across 3 different deep learning

models that are used in Table 2.

Cor
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Figure 4 Confusion Matrix of ResNet50V2 Model
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Figure 4 shows the plot of the confusion matrix of the Resnet50V2 deep learning model. The implants suffer very small
misclassification within the 3 implant classes.

5.4. Training Loss & Accuracy plots:
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Figure 5: Plot of Accuracy during Training and Validation for ResNet50V2 Model

Figure 5 shows the plot of train and validation accuracy of the ResNet50V2 model. It is clearly seen that both train and
validation accuracy increases when trained with 30 epochs.
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Figure 6: Plot of training and validation loss of ResNet50V2 Model

Figure 6 illustrates the train and validation loss of the ResNet50V2 model, demonstrating a decrease in both losses as
the model was trained for 30 epochs.

It is evident from the tables and graphs that Resnet50V2 outperforms VGG16 and MobileNet. All three models were
fine-tuned for multiple hyper parameters such as Batch Size, Regularizes, and Learning rates [20]. Optimizers such as Adam
[21] and SGD [22] were used across the three deep-learning models. The best results were obtained with the Adam optimizer
and with a learning rate of 0.0002.

6. Conclusion

The study proposes a novel framework to recognize the make and model of total wrist replacement implants from plain
X-ray images. Three popular deep learning models were used in the study and the best results were obtained with the
Resnet50V2 model with an accuracy rate of 95.12% and with an F1 Score of 0.9427 respectively. The work can be further
extended by adding more implant classes and by exploring higher-end deep learning models.
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