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ABSTRACT

Non-invasive measurement of knee implant loosening is important to provide a diagnostic tool for patients
with recurrent complaints after a total knee arthroplasty (TKA). Displacement measurements are currently
estimated between tibial implant and bone using a loading device, CT imaging and an advanced 3D image
analysis workflow. However, user interaction is required within each step of this workflow, especially in the
segmentation of implant and bone, increasing the complexity of this task and affecting its reproducibility. A
deep learning-based segmentation model can alleviate the workload by increasing automation and reducing the
variability of manual segmentation. In this work, we propose a segmentation algorithm for the tibial implant and
tibial bone cortex. The automatically obtained segmentations are then introduced in the displacement calculation
workflow and four displacement measurements are calculated, namely mean target registration error (mTRE),
maximum total point motion (MTPM), magnitude of translation and rotation. Results show that the parameter
distributions are similar to the manual approach, with intra-class correlation values ranging from 0.96 to 0.99
for the different displacement measurements. Moreover, the methodological error has a smaller or comparable
distribution, showing the feasibility to increase automation in knee implant displacement assessment.
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1. INTRODUCTION

In 13% of all cases, patients with a total knee prosthesis undergo revision surgery, mostly because of the indication
of tibial implant loosening.! The diagnosis with available imaging modalities is often inconclusive and leads to
unnecessary or missing surgeries.”? Roentgen stereo photogrammetric analysis (RSA) and model-based RSA3
are imaging techniques to quantify implant migration. However, this requires placing markers in the bone of
interest, making it an invasive method only used in research settings. Wretenberg et al.* applied Implant
Movement Analysis (IMA, Sectra Inc., Linkoping) to knee implants where two CT scans with different rotations
and translations of the knee are acquired. Kievit et al.” introduced a new non-invasive standardized method to
directly measure knee implant displacement using CT scans of the knee under varus and valgus loading. Implant
displacement between varus and valgus loading is calculated via an advanced 3D image analysis workflow,
consisting of segmentation, registration, and visualization. However, the current workflow requires interaction
by the user, especially for segmentation. For example, manual corrections of segmentation errors, caused by
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metal artefacts, are required to avoid passing these artefacts down the remaining pipeline and interfering with
the registration. Manual segmentation and correction in 3D CT scans are tedious tasks with a high potential to
introduce intra- and inter-rater variability and, therefore, reduce reproducibility of the obtained measurements.
In recent years, deep learning (DL) approaches have been developed to generate automatic segmentation of
various bone structures in CT imaging, which can alleviate user interaction.®® The aim of this study is to
automate segmentation tasks in the knee prosthesis displacement analysis by Kievit et al. using DL. This is
another step towards reducing the amount of user interaction and therefore observer variation in knee prosthesis
displacement analysis.

2. DATA

Three different datasets were used for model development and evaluation, namely a cadaver dataset (C), a patient
dataset (P) and a reproducibility dataset (R). The cadaver dataset (C) consists of 10 cadaver legs equipped with
a knee implant, included from an earlier study.> The implant was first placed without bone cement to simulate
a loose implant and the leg was subsequently scanned under valgus and varus loading.? For loaded CT scans,
the knee was strapped in the loading device and a four-point bending mechanism induced valgus or varus
alignment offsetting relative displacement between the tibial component and the tibial bone. Then, the implant
was removed and repositioned with bone cement, mimicking a fixed implant, and the complete imaging protocol
was repeated. A total of 20 pairs of CT scans, consisting of 20 CT scans in valgus position (Cg) and 20 in
varus position (Cr), were then acquired: 10 pairs showing a loose implant and 10 pairs with fixed implants.
The patient dataset (P) consists of 5 valgus loaded CT scans (Pg) of 4 patients following the same loading
protocol but with unknown TKA loosening status. Finally the reproducibility dataset (R) consists of 10 CT
scans from one cadaver leg with a knee prosthesis, scanned 10 times with repositioning. Since the leg was scanned
without external loading, any detected relative implant displacement is considered a methodological error. All
CT scans were acquired with a Brilliance 64-channel CT Scanner (Philips Healthcare, Best, The Netherlands) or
a Siemens SOMATOM Force with 160 mAs, 120 kV, isotropic voxel spacing of 0.45mm. As reference standard
for the segmentation model, manual annotations of the tibia cortex and tibial implant were performed on all 25
valgus loaded CT scans (Cg+Pg) (Figure 1). To speed up the annotation process, an in-house 3D annotation
tool was used to generate intermediate segmentation masks by employing threshold-connected region-growing®’
which were afterwards manually adjusted using ITK-SNAP .10

3. METHOD

In this section, we will describe the proposed DL method to the automate segmentation tasks in the knee implant
displacement analysis pipeline. For clarity, we will first introduce the manual approach as it is currently done in
clinical research practice, to continue with the proposed automated approach.

The manual method to calculate knee implant displacement receives as input two loaded knee CT scans,
valgus and varus loaded respectively, and provides as output the relative displacement between implant and
bone in three steps, namely segmentation, registration and relative displacement calculation.>® First, the user
segments the tibial implant and tibia cortex in the valgus loaded CT scan and the tibial implant in the varus
scan supported by threshold-connected region growing. From the obtained segmentation masks, a polygon mesh
is extracted by applying marching cubes.” The contours of the valgus scan are automatically placed for rough
alignment onto the varus scan by Iterative Closest Point registration. Then, a double-contour is sampled from the
gray-level images at +0.3 mm and —0.3 mm along the polygon surface. The more reliable rigid point-to-image
registration is gray-level based and is performed using Nelder-Mead downhill simplex optimization algorithm
with a six parameter search space,” in which gray levels assigned to the points of the valgus double-contour
polygon mesh are registered to the gray levels of the varus image. In order to quantify the relative implant-to-
bone displacement, values of four measurement parameters are calculated. The mean target registration error
(mTRE) is the average distance of all points on the implant polygon mesh between valgus and varus scan. The
maximum total point motion (MTPM) describes the largest displacement for any points on the implant polygon
mesh. The magnitude of the translation (tMag) and rotation (rMag) are calculated from the three-dimensional
translation and rotation parameters.
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Figure 1: Annotations of tibial implant and tibial cortex in a valgus loaded CT scan in the coronal plane (left)
and shown as a 3D surface model (right).

Our DL-based approach also consists of three steps (i.e., segmentation, registration and relative displacement
calculation) but the segmentation masks are now automatically generated using a 3D full resolution nn-UNet
model,!! which is a U-Net implementation automatically extracting the dataset characteristics for hyperparam-
eter configuration. The model automatically outputs the segmentation of the cortical tibia bone and the tibial
implant. The fixed parameters and default data augmentation of the nn-UNet training!! have been retained if
not mentioned otherwise. The network weights are learning by stochastic gradient descent with Nestrov mo-
mentum (g = 0.99). The loss function is the sum of dice and cross-entropy loss. A poly learning rate policy
(1- %)0'9 with an initial rate of 0.1 is used over 1000 epochs. The removal of all but the largest connected
component per label class is applied for testing. The training and inference was performed on an NVIDIA
Geforce RTX 2080 Ti 12GB and an Intel Core Xeon Gold 6128 3.40GHz CPU. After the segmentation step and
for a reliable registration, the double-contour polygon model of the bone should not overlap the high gray-level
intensities in the vicinity of the implant. Therefore, a margin of the bone mask close to the implant is taken
into account, as follows: The implant segmentation is dilated with a circular structural element with a radius
corresponding to at least 3 mm. The bone prediction falling into this area is removed. After this, the predictions
are transformed to binary segmentation masks for the tibia bone on valgus CT scans and the tibial implant on
valgus and varus CT scans. The registration and measurement calculation steps follow the same procedure as
previously described.

For the assessment of segmentation performance, the Dice similarity coefficient (Dice) and the Hausdorff
Distance 95%-percentile (HD95) were calculated on a 4-fold patient-based cross-validation scheme in the an-
notated set (Cg+Pg). Displacement assessment was only performed in the cadaver dataset (C), as it is the
only dataset with corresponding valgus and varus loaded CT scans. The four displacement measurements (i.e.,
mTRE, MTPM, tMag, rMag) were estimated on the same 4-fold patient-based cross-validation scheme as used
for segmentation after removing Pg scans. Intra-class correlation (ICC) values (two-way mixed effects, absolute
agreement, single measurement'?) were calculated between manually and automatically obtained measurements.
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4. RESULTS

Table 1 summarizes the overall Dice and HD95 values as well as the values for each segmented component,
namely cortical bone and tibial implant (see Figure 2 for examples). The large HD95 value is caused by outliers
in two patient samples, due to an error during the data processing of the raw image data (i.e. DICOM to Nifti
file conversion). As illustration, Table 2 shows the results after correcting the erroneous samples and re-training
the network without mirroring along the horizontal axis as data augmentation. The erroneous samples come
from the patient dataset (Pg), which is not used for displacement measurements. Therefore, the original model
is used for the following results of the displacement measurements.

Table 1: Dice and HD95 for predictions of
nn-UNet on annotated dataset (Cg+Pg).

Table 2: Dice and HD95 for predictions of re-trained nn-UNet
on corrected annotated dataset (Cg+Pg).

Dice (%) | HD95(mm) Dice (%) | HD95(mm)
implant 94.95 0.7060 implant 95.79 0.5706
cortical bone | 87.88 25.2341 cortical bone | 99.14 0.5221
overall 91.42 12.9701 overall 97.47 0.5464

Figure 3 shows the distribution of all displacement measurements, assessed by cross-validation in the cadaver
dataset (C), maintaining the same patient-based folds used for the assessment of the segmentation metrics. The
corresponding ICC values and 95% confidence interval of 0.98 [0.959,0.993] for mTRE(mm), 0.99 [0.977,0.997)
for MTPM (mm), 0.96 [0.896,0.985] for tMag(mm), and 0.99 [0.975,0.997] for rMag(deg) indicate excellent re-
liability for all four measurements. Figure 4 and Table 3 show the methodological error determined using the
reproducibility dataset (R).

Table 3: Mean methodological error and standard deviation determined on reproducibility dataset (R).

Parameter manual DL-based

mTRE(mm) | 0.05(£0.03) | 0.04(%0.02)
tMax(mm) 0.08(£0.04) | 0.07(40.03)
t(mm) 0.04(£0.03) | 0.03(40.02)
rNorm(deg) | 0.08(£0.05) | 0.09(%0.03)

5. DISCUSSION

In our work, we presented a DL model to automatically segment the tibial cortex and the tibial implant. The
obtained segmentation masks are then utilized in a workflow for calculation the displacement of the tibial com-
ponent in a knee implant. We chose nn-UNet, a framework specifically developed to perform automatic medical
image segmentation, to generate the segmentation masks which are used for registration and the calculation of
four displacement measurements, i.e. mean target registration error, maximum total point motion, magnitude
of translation and rotation. In Figure 2, we can see that the semi-automatically generated segmentation masks
of the manual approach shows errors due to metal aretefacts and the threshold selection. Since our model was
trained on annotations corrected for metal artefacts as much as possible, the surfaces of the DL-based approach
are smoother without holes in the implant plateau.

The ICC values comparing the displacement results of the manual approach with the DL-based approach in-
dicate an excellent reliability. Moreover, with the DL-based approach, we managed to reduce the methodological
error (see Table 3) by a small margin for all four parameters, except rNorm(deg).

A limitation of our DL model is the limited number of training samples (i.e., 25 samples) and the similarity
in the type of knee implant. Patient data contains more variability in terms of anatomy and types of knee
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(a) Manual (left) vs DL-based (right) approach for a loose cadaver sample.
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(b) Manual (left) vs DL-based (right) approach for a fixed cadaver sample.
Figure 2: Visualization of the segmentation and the displacement for a loose (a) and fixed (b) sample. The visu-
alization shows a 3D model of the cortical bone, the tibial implant component with displacement measurements
using a blue-to-red color map and the rotation axis.

implants. In order to evaluate the robustness and generalizability of our model, future work should focus on
an evaluation on a larger patient dataset. Another limitation of the current evaluation is the single rater-
dependent reference standard. Especially the semi-automatic segmentation requires a lot of user interaction and
is therefore rater-dependent. Thus, an additional intra- and inter-rater variability study should be conducted.
For our automated approach, we followed the design of the manual approach by taking only the cortical bone
of the tibia. However, other ways of segmenting the tibia, e.g. the entire tibia bone, could be more robust
as a deep-learning task. Finally, for the sake of visual inspection of the results, a high segmentation quality
is favorable, but might not be required in order to achieve a good performance in displacement measurement
calculation. Potentially, a slightly imperfect segmentation mask might still be sufficient to perform robust
registration and measurement calculation. The influence of the segmentation quality on the registration and
therefore the displacement measurement calculation needs further investigation.
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Figure 3: Displacement measurements for Manual vs. DL workflow of the loose (uncemented) and the fixed
(cemented) cadaver dataset (C).

mTRE(mm) MTPM(mm) tMag(mm) rMag(deg)
L] B Manual
0.4 . (1 )
012
.

0.1
0.08
0.06
0.04
0.02

Manual DL Manual DL Manual DL Manual DL

Figure 4: Methodological error for Manual vs. DL workflow for reproducibility dataset (R).

6. CONCLUSION

In this work, we have introduced a fully automatic DL-based segmentation model in a workflow to calculate tibial
implant displacement relative to bone. We have shown that the calculated displacement measurements based
on the prediction of our segmentation model are comparable with results from a manual analysis by calculating
the mTRE(mm), MTPM(mm), tMag(mm), rMag(deg), and the methodological error. This proof-of-concept is
a step towards the fully automatic detection of knee implant loosening with CT imaging.

7. NEW OR BREAKTHROUGH WORK TO BE PRESENTED

We have presented a DL-based approach to automate the segmentation in the calculation of relative tibial
implant displacement to bone. We have shown that displacement measures generated with predictions of our
segmentation model are comparable to the manual workflow. This paves the way for an automatic workflow to
detect knee implant loosening.
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