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Abstract

This internship report presents my work conducted at Stryker in Freiburg,
Germany, focusing on the precision tracking of surgical instruments in the con-
text of surgical procedures. The report encompasses two projects: calibration
of surgical instruments and improving the subpixel precision of instrument
tracking.

The first project revolves around the calibration of surgical instruments
to ensure accurate tracking during surgery. Currently, the calibration process
involves using a dedicated calibration device and manually calibrating each
instrument individually, which can be time-consuming. In this project, the
objective was to explore an alternative method using deep learning and a single
RGB camera. The 3D geometry of the instruments is obtained by analyzing
a short video sequence of a few seconds. The achieved calibration accuracy
showed a 3 mm difference compared to the current method, which claims an
accuracy of +/- 2 mm.

The second project focuses on enhancing the subpixel precision of instru-
ment tracking using near-infrared (NIR) images and deep learning techniques.
Instruments are tracked based on detecting trackers in the NIR images. The
goal was to improve the precision of tracker detection. Through the use of
simulated data, the deep learning approach achieved an error of 0.005 pixels,
whereas the existing method exhibited an error of 0.05 pixels.

Overall, this internship report showcases the development and evaluation
of novel methods for instrument calibration and tracking using deep learning
techniques.
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1 Introduction

1 Introduction

The accurate tracking of surgical instruments plays a vital role in ensuring the suc-
cess and safety of surgical procedures. With advancements in medical technology,
tracking systems have become increasingly sophisticated, enabling precise monitor-
ing and control of surgical instruments within the operation room. This internship
report focuses on the development and improvement of tracking methodologies for
surgical instruments, specifically in the context of the High-Speed Drill (HSD) in-
strument used surgeries.

One of the key components of the tracking system utilized in this study is the
FP8000 camera system. This camera system comprises two near-infrared (NIR)
cameras on the sides and a high-resolution RGB camera.

L
(a) Navigation platform (b) FP8000 camera

Figure 2: Navigation system

The NIR cameras enable the tracking of three-dimensional (3D) coordinates of
trackers. Only passive trackers are used in this study. They consist of fiducial points
designed to reflect NIR light. The FP8000 camera captures the reflected NIR light
through its dedicated NIR sensors. With the presence of two NIR cameras in the
system, classical triangulation techniques are employed to determine the 3D posi-
tions of the passive trackers. These fiducial points serve a critical role in enabling the
precise localization and motion tracking of surgical instruments throughout various
surgical procedures.

This internship was focused on the High-Speed Drill (HSD). The HSD consists
of three main components: the tracker, the attachment, and the bur. The tracker,
as previously mentioned, allows for real-time tracking of the HSD’s position and
orientation. The attachment, which can be either straight or twisted, provides the
necessary stability and maneuverability for surgical operations. Finally, the bur is
the head of the tool, specifically designed for cutting, drilling, or shaping bones with
exceptional precision.

Clement Wang Internship report 4
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Figure 3: High speed drill

Throughout this internship, efforts were directed towards two main projects:
calibration of surgical instruments and improving the subpixel precision of instru-
ment tracking. The calibration project aimed to streamline the calibration process,
replacing the manual calibration method with a video-based approach and deep
learning techniques. The second project focused on enhancing the subpixel preci-
sion of instrument tracking by leveraging NIR images and employing deep learning
algorithms.

By addressing these challenges and proposing innovative solutions, this intern-
ship aimed to contribute to the ongoing advancements in surgical instrument track-
ing, ultimately improving the accuracy and efficacy of surgical procedures. The
subsequent sections of this report will provide an in-depth analysis of the projects
undertaken, methodologies employed, results obtained, and the implications of the
findings.

Clement Wang Internship report 5
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2.1 Problem statement

The calibration of surgical instruments is a critical step in achieving accurate track-
ing during surgical procedures. However, the existing calibration process is labor-
intensive and time-consuming, requiring manual calibration for each individual in-
strument. This inefficiency arises due to the considerable variability in parameters
such as the attachment form and length, as well as the shape and size of the bur.
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Figure 4: Top: Attachment samples. Bottom: Bur samples.

To address this issue, the primary objective is to develop a calibration solution
that minimizes the input required from the user while maximizing precision. The
proposed solution aims to leverage the available guidance system, specifically the
FP8000 camera system, to streamline the calibration process.

To achieve this, the use of a deep learning algorithm is envisioned. The challenge
lies in determining the necessary data inputs for the deep learning algorithm, as well
as establishing a methodology for obtaining annotated data required for training.

2.2 Related works

Currently, the calibration of surgical instruments has been accomplished using a
dedicated calibration device. This device typically includes a 3D tracker, and the
calibration process involves manually touching specific points on the device with the
tip of the instrument to establish the 3D transformation between the tool tracker
and the tool tip. However, this method has several limitations. It requires multiple

Clement Wang Internship report 6



C'q .
r universite

CentraleSupélec = PARIS-SACLAY ) ' ) .
2 High Speed drill 3D calibration

inputs from the user, is repetitive, time-consuming, and demands a high level of
precision.

In the context of the FP8000 camera system used in this project, calibration is
achieved through triangulation from the two NIR cameras. These cameras provide
a binocular view of the surgical scene, enabling the localization of fiducial points.
The process involves detecting the corresponding centers of fiducials in both cam-
era images and applying triangulation techniques. This methodology relies on the
intrinsic and extrinsic parameters of the cameras, as well as lens distortion param-
eters. By leveraging principles of linear algebra, each camera image provides two
constraining equations for a 3D point, represented as a 3D line in real space. With
two images and the standard method of optimization, the precise 3D position of the
instrument can be obtained by finding the point that optimizes the distance to each
line. This approach, utilizing binocular view and 3D triangulation, is well-known
for its exceptional precision.

Figure 5: Triangulation

An alternative approach to obtaining 3D positions involves the use of polarized
light and polarized sensors. While not directly applicable to the current project, this
method offers an interesting avenue for future exploration and potential advance-
ments in surgical instrument calibration.

Deep learning techniques have proven to be valuable in various computer vision
tasks and can also be leveraged in the context of surgical instrument calibration.
Two specific areas of deep learning that are relevant to this project are key point
detection on 2D images and depth estimation from monocular views. Key points
detection is a fundamental task in computer vision, involving the identification of
specific points of interest on a 2D image. Deep learning models can be trained to
accurately detect these points, even in complex and cluttered scenes. It is possible
to automate the process of identifying fiducial centers or the instrument tip without
the use of trackers.

Clement Wang Internship report 7
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Figure 6: Left: Key points detection. Right: Depth estimation.

Depth estimation is another area where deep learning has demonstrated signif-
icant advancements. Traditionally, depth maps have been obtained using stereo
vision techniques that rely on multiple cameras or a pair of stereo images. However,
deep learning approaches have enabled the estimation of depth maps from single
monocular images. By training deep neural networks on large datasets with ground
truth depth information, these models can infer depth information from a single
image.

2.3 Method

The proposed method aims to achieve precise calibration of surgical instruments
by leveraging deep learning techniques to accurately predict the 2D positions of
the instrument tip on the captured images. With the guidance system’s navigation
software, the 3D positions of the instrument’s tracker can be obtained at each frame.
By combining the predicted tip positions and the 3D tracker positions, it becomes
possible to triangulate and reconstruct the 3D geometry of the surgical tool using
multiple frames.

eep learning
algorithm Tip 2D positions.
eeeeeeee I frames

Figure 7: Pipeline overview
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This solution is justified by considering the limitations of existing deep learning
approaches. Depth estimation with deep learning models is typically not intended
to achieve millimeter-level precision. Similarly, key point detection in the literature
often focuses on semantic key points rather than precise localization. However,
predicting the 2D positions of the instrument tip seems more feasible in terms of
achieving the desired precision. Additionally, the method of triangulating the 3D
geometry of the tool using multiple frames can be viewed as an optimization problem.
Therefore, by incorporating a large number of images, it is possible to minimize and
compensate for errors in the calibration process.

Another advantage of the proposed method is the availability of training data.
Depth estimation using deep learning models requires ground truth depth data,
which can be challenging to obtain. On the other hand, for 2D key point detection,
the tools can be manually calibrated, and the corresponding 2D projections can be
accurately determined. This allows for the creation of annotated data for training
the deep learning models.

- Training data
Navigation system

Figure 8: Training pipeline

By combining accurate 2D tip position predictions, 3D tracker positions, and the
triangulation process, the proposed method offers a promising approach to achieving
precise calibration of surgical instruments. The subsequent sections of this report
will provide a detailed account of the specific methodologies employed, the experi-
mental setup, and the results obtained during the implementation of this method.

2.4 Key point detection

The first part of the pipeline consists in accurately getting the 2D positions of the
tip on an RGB image.

Clement Wang Internship report 9
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2.4.1 Literature review

Key point detection is an extensively studied field within computer vision, with
a significant focus on semantic key point detection. Semantic key points refer to
specific points of interest on an object that carry semantic meaning or significance.
Examples of semantic key points include joint positions in human pose estimation,
facial landmarks such as the eyes, nose, and mouth in face key points detection, and
the positions of fingers in hand pose estimation.

When dealing with multi-object key point detection, two common approaches
are employed: bottom-up and top-down. In the bottom-up approach, a heatmap
is generated to predict all potential key points in the image, which are then as-
sociated with specific instances using a matching algorithm. On the other hand,
the top-down approach bypasses this matching process by first using a detection
algorithm to identify instances of the object of interest. Subsequently, a crop con-
taining the instance is fed into the network for key point detection, simplifying the
association step. In our case, the detection is not relevant. We will never have two
overlapped instances during calibration time and the detection is already done with
the navigation system.

To achieve accurate and robust 2D key point detection, state-of-the-art archi-
tectures often employ the prediction of heatmaps instead of directly predicting the
coordinates of the key points. Heatmaps provide a spatial representation of the like-
lihood or presence of a key point at each location in the image. Convolutional neural
networks (CNNs) are leveraged to effectively exploit the inherent spatial dependen-
cies and patterns in the images, allowing for more precise and reliable detection of
key points.

0} n B | Heatmap visualization 6 - a X

Figure 9: Ground truth heatmap visualization

An essential aspect of key point detection is the design of effective architectures
that can leverage both global and local information. The combination of global con-
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textual understanding and local fine-grained details plays a crucial role in achieving
accurate and precise key point detection.
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Figure 10: High-resolution network

Among the various architectures for key point detection, High-resolution Net-
work (HRNet) has emerged as the dominant performer. This architecture excels in
capturing the connections between local and global features, enabling it to deliver
superior accuracy while maintaining computational efficiency. In this study, I only
implemented and trained HRNet.

2.4.2 Dataset

Acquiring a diverse and representative dataset is crucial for training and evaluating
the key points detection model. Significant efforts were invested in obtaining a
dataset that encompasses various aspects, including different attachments, burs,
background settings, and lighting conditions.

Projection In the data creation process, a crucial step involves projecting the
available 3D information onto the 2D image. This transformation requires applying
fundamental principles of linear algebra to convert the coordinate system to the
camera’s coordinate system and subsequently projecting it onto the 2D plane of the
image. To account for distortion, the OpenCV implementation is used, utilizing
distortion parameters: radial coefficients (kq, ko, ks, k4, ks, kg), tangential distortion
coefficients (pi, p2), and thin prism distortion coefficients (s1, S, 3, 54).

Clement Wang Internship report 11
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Figure 11: Projected points

Data cleaning Data cleaning is an essential process to ensure the quality and
reliability of the dataset used for training and testing. Several methods were explored
to identify and eliminate blurry images. Initial attempts involved testing blurriness
scores obtained from Laplace kernels convolution or Fast Fourier Transform (FFT)
methods, which assessed the sharpness of edges in the image. However, since the
focus was specifically on determining the clarity of the tip, these scores did not yield
satisfactory results.

An alternative approach was adopted, leveraging the high-frequency tracker in-
formation provided by the navigation system, which operates at a rate exceeding
300 Hz. By computing a motion score based on the tracker’s movement, an approx-
imation of the tip’s motion could be obtained. This method proved to be effective
in identifying and discarding blurry images.

Additionally, the navigation system provided a quality score for the tracker’s
position. Samples with a low quality score were discarded using a threshold to
ensure that only reliable data was retained.

To further ensure accuracy, each sample underwent manual validation to verify
the correct placement of all key points. The dataset contained seven key points: the
four fiducials, the instrument center, the instrument bur center, and the instrument
bur tip. While the bur tip’s exact pixel alignment was often challenging, samples
were retained if they had an error of under 2 pixels from manual annotation. The
final training set consisted of 1,047 images, while the test set comprised 645 images.

Cropping and resizing To ensure efficient processing and take advantage of GPU
parallelization, the input images were standardized to a fixed size. A resolution of
512x512 pixels was chosen as a suitable trade-off between maximizing input reso-
lution and computational cost. An approximate bounding box is derived using the
tracker position. Since the specific attachment being used is unknown, an estima-
tion of the bounding box that considers all possible scenarios was generated. By
projecting this approximation onto the 2D image, an estimation of the bounding

Clement Wang Internship report 12
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box was obtained. The image was then cropped, padded to create a square aspect
ratio, and resized accordingly. The reduction ratio is about 0.4 to 0.7.

Data augmentation To enhance the diversity of the dataset, several augmenta-
tion techniques were applied on the fly before resizing the training images. Random
flipping, contrast and brightness adjustments, random rotation, and random crop-
ping were employed to introduce variations in the dataset. These augmentations
helped to expand the dataset and improve the model’s ability to handle different
scenarios.

Photoshop augmentation To augment the dataset and increase its diversity, a
set of images was captured in front of a blue drape. Color detection and the grab
cut algorithm were utilized to generate segmentation masks, enabling the removal of
the background and the hand of the user. Subsequently, random indoor images were
used to replace the background through a process of photoshopping after random
rotation and scaling.

Reduced image with | mask_with_hand Reduced image with | mask_without_hand — X

(x=435, y=66) ~ R:0 G:0 B:0

Figure 12: Segmentation masks from color detection and photoshop augmentation
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2.4.3 Method and experiments

Architecture The key points detection model was implemented using the HRNet
architecture in PyTorch, utilizing the original repository. However, to adapt the
model for key point detection in surgical instruments, the last layer was modified to
match the required number of output channels.

Initialization Traditionally, the HRNet model is trained in a two-step process,
starting with classification and then fine-tuning for key point detection. In this
project, the focus was solely on key point detection, without incorporating a classi-
fication pipeline. Hence, the training was directly performed for key point detection.
However, the weights were initialized with pre-trained weights from human pose es-
timation. Starting from trained weights is advantageous compared to randomly
initializing the network, as it allows for the transfer of knowledge and facilitates
faster convergence during training.

Ground truth and maximal precision The ground truth key points obtained
through the data cleaning pipeline are expected to exhibit subpixel precision despite
the presence of noise. In order to preserve this subpixel precision during the gener-
ation of ground truth heatmaps, a technique was employed to maintain continuous
values before discretizing them into a Gaussian heatmap. As a result, the generated
ground truth heatmaps possess an infinite range of value possibilities. During train-
ing, the network learns to predict the mean of the Gaussian heatmap rather than
specific pixel-centered values. Considering a 512x512 input image, the output is a
64x64 heatmap, which is four times smaller on each dimension. To approximate the
mean value, the maximum pixel value is utilized. To compensate for the reduction
in size, a small offset of 0.25 is added before multiplying by 4 to bring the values
back to the scale of the original image.

The application of postprocessing techniques directly on the ground truth heatmap
results in an error range of + /- 1 pixel. This error range serves as an indication of
the limitations of HRNet.

On the following figure, red > orange > yellow. The purple point is the point
of maximum value. The argmax is corrected into the green point by comparing the
values of the 4 adjacent pixels.
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Figure 13: Heatmap postprocessing

Metrics In the existing literature, the focus of key point detection is primarily on
semantic key points, resulting in evaluation metrics that heavily emphasize precision
and recall of the overall detection. Conversely, in this study, it was assumed that
instrument detection would not pose significant challenges. Therefore, the primary
objective was to measure the precision of the predictions directly. To achieve this,
the mean squared error (MSE) between the ground truth key point and the predicted
key point was selected as the chosen metric. This metric provides a straightforward
indication of the precision of the predictions, enabling a more focused evaluation.

W&B tracking and fine-tuning The Weights and Biases platform is a useful
tool for keeping track of experiments and allows for flexible visualization of met-
rics. This is especially beneficial when conducting a large number of experiments.
Additionally, the platform provides the capability to automate experiments using
Random search. Initially, Random search was employed to explore a range of hy-
perparameters and gain an understanding of the optimal settings. Subsequently, a
manual fine-tuning approach was adopted to refine the hyperparameters based on
the acquired knowledge.

Figure 14: Weights & Biases
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Losses Traditionally, the Mean Squared Error (MSE) loss is commonly used to
measure the discrepancy between predicted and ground truth heatmaps. This loss
calculates the average squared difference between corresponding pixel values in the
predicted and ground truth heatmaps.

n

1 : .
MSE(prea: Yyr) = — D (Uprea = Ut )’ (1)
i=1

In addition to the MSE loss, I also implemented several derived losses that have
shown effectiveness in previous research. One such technique is Online Hard Key-
point Mining (OHKM), which computes the MSE loss separately for each key point
in the image and only considers the k highest loss values. This encourages the net-
work to focus on the most challenging key points in each image. Another approach,
Global Hard Keypoint Mining, follows a similar principle but selects the k&’ highest
loss values across the entire batch. Furthermore, I experimented with a weighted
loss that assigns greater importance to the tip key point, as it is the primary focus
of our method. It is worth noting that the official HRNet paper utilizes the OHKM
loss.

After evaluating different loss functions, it was found that the weighted loss
performed the best in terms of metric performance on the tip key point. This is
likely because achieving optimal results for all key points simultaneously proved to
be challenging for the network. Interestingly, convergence was noticeably slower
when training without considering all key points together. Training on multiple
key points simultaneously helped the network gain a better understanding of the
instrument being detected.

In the original implementation, when a key point is absent from the image,
the loss is not computed for that specific key point. However, including a loss for
predicting the absence of a key point, rather than not optimizing it at all, yielded
slightly improved results.

Half-precision and mixed precision The concept of half-precision involves con-
verting all weights and data to float16 before performing computations. However,
it is well-known that half-precision can be unstable, particularly when Batch Nor-
malization is utilized. To address this issue, a workaround called mixed precision
is employed instead of pure half precision. In mixed precision, certain operations
are performed in float16, while others are executed in float32. The implementation
remains the same, as the division of precision is handled automatically.

Both half-precision and mixed-precision prove to be beneficial when working with
large neural networks that require extensive fine-tuning. Mixed precision, in partic-
ular, can save significant training time, approximately 30% with HRNet. However,
during my experiments, I encountered a problem where the networks did not con-
verge at all when using mixed precision. While this issue may have required further
investigation, I decided to continue using full precision.

Clement Wang Internship report 16
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Training set distribution and data augmentation As previously mentioned,
the training set comprises a combination of real images and synthetic data generated
from images captured in front of a blue drape. Initially, I utilized a ratio of 1/3
real data and 2/3 synthetic data. However, this led to significant instability in
performance when evaluated on the test set. The instability can be attributed
to a substantial distribution shift caused by the synthetic data. The photoshopped
backgrounds and imperfect segmentation masks introduced dissimilarities not found
in real images, such as remaining blue pixels.

To mitigate this issue, I conducted training experiments using different propor-
tions of synthetic data. Training the model without any synthetic data resulted in
poorer performance on the test set. After fine-tuning, I discovered that incorporat-
ing 2/5 synthetic data struck a good balance between stability and generalization.
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Figure 15: Runs with different proportions of synthetic data

‘I‘ w

LT M"

P
"

Furthermore, the data augmentation techniques described earlier have a signif-
icant impact on the metrics when evaluated on the test set. It is evident from
the metrics that the models achieved a 2-pixel error on the train set, regardless
of whether data augmentation was applied or not. However, the performance on
the test set greatly improved with the inclusion of data augmentation. Rotation,
brightness, and contrast adjustments had a notable impact on the results. This can
be attributed to the presence of a distribution shift between the training and test
data.

Confidence threshold In the specific application I am designing, it is not neces-
sary to use all frames of the video. I have the flexibility to discard frames in which
the prediction does not meet the desired level of accuracy.

The mean of the Gaussian distribution is estimated using the Argmax operation,
but there is additional information available in the predicted heatmap. When dealing
with challenging samples, it is observed that the output values in the heatmap tend
to be lower. Therefore, the maximum value of the heatmap can serve as a confidence
score for the prediction.
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Figure 16: Tip heatmap visualization
However, it should be noted that relying solely on the maximum value may not
always provide the most accurate confidence score, especially for out-of-distribution
samples where the predicted heatmaps may not resemble a Gaussian distribution.

The discussion section on future improvements presents an alternative approach for
obtaining a confidence score.

Multi flipping inference and training The network output is designed to be
independent of flipping. Ensembling, which involves predicting multiple times with
slight variations and then averaging the predictions, is known to be effective in
reducing errors. Therefore, during inference, I adopted a multi-flipping approach
where I inferred on the four flips, averaged the heatmaps, and obtained the final
predicted coordinate from the average heatmaps.

The visualization of the error revealed that multi-flipping inference had minimal
impact on the errors. Mathematically, averaging predictions corresponds to reducing
variance. The lack of significant difference in the errors suggests that the errors are

Clement Wang Internship report 18
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primarily influenced by bias rather than variance.

Figure 17: Multi-flipping inference

I also explored modifying the training process. One approach was to train the
network on all four flips simultaneously for each sample, which required reducing the
batch size. Surprisingly, this approach yielded improved results for all key points,
even when using OHKM loss instead of the weighted loss. Another approach, called
siamese training, involves taking the average before computing the loss. However, I
did not implement this method as I had already reached the limit of what could be
achieved with HRNet and the available data annotations.

2.4.4 Results

The best-performing model utilized all the techniques discussed in the preceding
section, including OHKM and multi-inference. It achieved an MSE of 2.6 pixels for
the tip.

When examining the qualitative visualization of the worst samples, it is evident
that the network struggles more in extreme lighting conditions, such as overly bright
or dark environments. This issue is likely attributed to the automatic brightness and
contrast calibration of the camera. To address this, one potential solution would be
to correct the brightness and contrast before inputting the images into the network.
Additionally, augmenting the data further may help mitigate this problem and result
in a more robust network.
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Figure 18: Random test set samples visualization

Figure 19: Worst test set samples visualization
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Average pixel error as a function of confidence threshold
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Figure 20: Confidence distribution
The presented figure displays the distribution of confidence scores and their as-

sociation with the error. The curve demonstrates the network’s robustness, as the
average error remains relatively stable across different confidence threshold values.

2.5 'Triangulation through time
2.5.1 Idea

To create the key points annotation, I used the camera’s extrinsic and intrinsic
matrices, along with its distortion coefficient, the 3D coordinates of the tracker, and
the transformation from the tracker to the tip. Now, I am attempting to do the
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opposite: having all the necessary information, including the projected position of
the tip on the image, and determining the 3D transformation from the tracker to
the tip.

Extrinsic matrix Distortion Intrinsic matrix
parameters

Tool center to tip
transformation

World to tip Camera to tip Tip in camera plane Tip in camera plane Tip coordinates
transformation transiormation (undistorted) (distorted) on image

World to tool center
transformation

Figure 21: Projection pipeline

This process is quite similar to 3D triangulation from two cameras, except that
we are working with just one camera. In essence, each image provides a 3D line
along which the tip should lie. Mathematically, this corresponds to having two
constraining equations. Analyzing multiple frames makes it possible to compute the
tip’s position by minimizing the distance to all the lines.

Intrinsic matrix Distortion Intrinsic matrix
parameters

Two equations on
tool center to tip
transformation

Tip coordinates Tip in camera plane Tip in camera plane Tip coordinates
on image (distorted) (undistorted) on undistorted image

Figure 22: Calibration pipeline

2.5.2 Method

Undistortion All the calculations involved in the process can be considered affine
algebra, with the exception of camera distortion. Hence, the initial step is to elimi-
nate the effects of camera distortion.

Thankfully, there are highly accurate computational models available for this
purpose. | experimented with Brown’s Conrady Model, but it did not perform as
well as the OpenCV formula. This is because Brown’s Conrady Model only considers
radial and tangential distortion parameters, whereas OpenCV also incorporates thin
prism distortion coefficients.

Clement Wang Internship report 22



Gf) .
r universite

CentraleSupélec = PARIS-SACLAY ) ' ) .
2 High Speed drill 3D calibration

In my experiments, (distort) o (undistort), yielded results very close to the
identity, with an error of approximately 0.1 pixel. It would be beneficial to conduct
further extensive testing to thoroughly evaluate its performance.

Writting the equations

e Let F represent the intrinsic matrix of the camera, given by

Jo 0 ¢
F=10 f, ¢
0O 0 1

e T, and R, denote the translation and rotation, respectively, of the tool center
in the camera’s coordinate system.

e ¢ represents the unknown translation from the tool center to the tip of the
tool.

According to projective geometry, we know that

x
1/} Y :F(Tc+Rct)
1

where x and y are the coordinates of the tip on the image, and v is unknown.
By multiplying both sides by (O 0 1), we obtain
Y=(0 0 1)F(T.+Rt)=(0 0 1)(T.+ Ret)

Let’s note

Therefore, we have

1
| 1| =B(T.+ R.t)
1
Additionally, we consider
x 0 0
D=0y 0
00 1
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Thus, we can express

T 1
vyl =Dy |1)] =DB(T.+ R.t)
1 1

By replacing this expression in the first equation, we obtain
DB(T.+ R.t) = F(T. + R.t)
As a result, we have
(DB—-F)T.+ (DB —F)R.t=0

It can be verified that the last row of DB — F' is always zero, meaning that we
have exactly two non-zero equations. The other rows are non-zero since the diagonal
of DB — F' is negative, ensuring that the rank is always 2.

Optimization problem For every image, these equations remain valid. As a
result, when dealing with more than two images, we encounter an overdetermined
problem. Each image provides a 3D line parametrized by the two equations. As the
number of lines exceeds two, we can determine the optimal point by minimizing the
L2 distance to all lines. This optimization problem is convex, allowing for a unique
and analytically solvable solution.

M= ([(DB _:F)Rc]1:2>
b— ([(DB _:F)TC]1:2>

Here, M is a (2n,3) matrix and b is a (2n, 1) vector.

Indeed, we can define

It is important to note that all the matrices involved are in the world coordinate
system, which differs from the camera coordinate system. Hence, it is necessary to
use the following transformations:

Rc = Rcachenter
Tc = RcamTcenter + Tcam

In an ideal scenario, we would have
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Mt+b=0

The optimization problem aims to minimize || Mt + b||*.

Vi | Mt +b||> = 2MT Mt + 2MTb = 0
Solving this equation yields

t=—(M"M)"'MTb

The matrix M7 M is a square symmetric non-negative matrix with a rank of at
least 2. In practical scenarios, it is highly improbable for this matrix to be non-
invertible. The condition for ensuring its invertibility is that the positions should
not align on a 3D line from the camera’s perspective.

Mathematical interpretation Mathematically, the optimization problem we are
considering can be viewed as a hyperplane optimization rather than a line optimiza-
tion problem. Each equation represents a hyperplane in 3D space, which corresponds
to an infinite 2D plane in the 3D world. Having two such equations is equivalent to
having a line in 3D space, which is defined as the intersection of the two planes.

In linear algebra, a hyperplane is defined by a vector a and a scalar b. A point x
belongs to the plane if and only if a’z+b = 0. The minimal distance from a point
in 3D space to the plane is given by |a|TaTb|. In this context, I chose not to divide by
the norm of the normal vector because the calculations are already in millimeters,
and the scale holds significance. However, dividing by the norm could also be an
interesting option to explore.

Minimizing the L2 distance is equivalent to minimizing the mean squared error
(MSE), which can be interpreted as imposing a Gaussian prior on all hyperplanes.
The L2 distance aims to distribute the error among all samples, rather than having
perfect accuracy on some and worse accuracy on others. It might also be worthwhile
to consider testing the L1 distance, which is more robust to outliers.

Weighting Additionally, one can consider assigning weights to each line based on
the uncertainty score of the prediction.

This can be achieved by minimizing ||[M't 4+ '||* with M’ = WM and &' = Wb,
where W is a weight matrix
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wy 0 0 e 0
0 w1 0
0 0 Wa
W = W3
0 O W,
Here, wy, wy, ..., w, represent the weights for each image.

Although I implemented this approach, it did not yield any significant changes.
However, it may be worth evaluating its potential in some scenarios.

2.5.3 Results

To create a realistic scenario, I assessed the pipeline using a fixed number of N
consecutive frames (after post-processing), ensuring that the pipeline is executed
precisely on N predictions surpassing the confidence threshold.

Throughout the rest of the study, the ground truth is determined using the
calibration method, which may have an inherent deviation of up to 2 mm.

Video duration The time required to capture these N frames can be estimated

as
N
T(N) = - -
filtering proportion x F'PS
where
FPS =10
and

filtering proportion = filter qual blurry x filter postprocess = 0.3 x 0.8 = 0.24

Consequently,
T(N) = 0.4 x Nseconds

Number of frames influence As mentioned previously, the utilization of more
than two frames effectively incorporates a Gaussian prior for each prediction, miti-
gating errors. The following provides an overview of the error distribution for various
numbers of frames:
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Figure 23: Calibration error distributions for different number of frames

Considering the average error as a singular metric for each sample size:

Mean 3D calibration error depending on the number of images

12 A

Mean error (in mm)
"

2] o

1 1

(=]
L

T T T T T

5 10 15 20 25
Number of images

Figure 24: Average calibration error for each sample size

The average error experiences a significant reduction and reaches less than 3.0
mm for 25 frames, corresponding to a 10-second video duration.
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2.6 Future improvements

This section focuses on potential enhancements that can be implemented in the
pipeline.

2.6.1 Errors analysis for better annotations

The annotated samples obtained from the real calibration procedure and projection
exhibit an error of up to 5 pixels, equivalent to approximately 2.5 millimeters. The
challenge arises from the fact that 5 pixels represent a significant deviation on an
image, potentially causing confusion for the network during training.

(x=261, y=197) ~ R:74 G:80 B:96 (x=185, y=253) ~ R:63 G:68 B:78

Sample 3: 182440256.png

(x=267, y=231) ~ R:64 G:65 B:76 (x=255, y=240) ~ R:48 G:48 B:57

Figure 25: Annotation error visualization
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Sources of error Here is a breakdown of potential sources of error in the pipeline:

e Camera calibration: The accuracy of the NIR camera calibration is determined
by the quality factor, which is measured by the mean reprojection error of
the chessboard corners. This factor reflects the confidence in the accuracy of
the intrinsic matrix, extrinsic matrix, and distortion parameters. The RGB
camera can also undergo calibration.

e Fiducials and instrument center: The 3D positions of the trackers are obtained
by triangulating the fiducials using the NIR cameras. The tool center is then
determined based on the known relative positions of the fiducials. This process
is integrated into the existing navigation pipeline, which has been verified to
provide a precision of less than + /-2mm.

e Instrument calibration error: The previous calibration procedure uses fiducials
along with a simple algorithm to get the 3D tip position with two calibration
points in the 3D space.

e Timestamp offset: A small offset in the timestamps between the RGB frame
and the fiducial tracking can occur due to the rolling shutter mechanism of
the camera. The image is captured line by line on the sensor, leading to a
slight temporal misalignment. This offset should be taken into account when
processing the data.

Static instrument This initial experiment aimed to identify the sources of errors
in the system. To eliminate the error caused by the timestamp offset, a technique
was employed whereby the instrument was placed on a stationary table, and data
was captured with the static tool.

Multiple calibrations were performed to assess if the error could be attributed
to the calibration procedure. However, the same video capture was used for all
calibrations.
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x
_ sample 1: 397502015Jpg

(x=204. y=135) ~ R:87 688 B:80

(x=230, y=205) ~ R:68 G:67 B:63

sample 3: 362201834,Jpg x

(x=189. y=207) ~

(x=226. y=194) ~ R:88 G.68 8:88

Sample 1: 397502015 Jpg x

Sample 1: 397502015.Jpg *

(=210, y=220) ~ R:69 G.65 8:64

(x=190. y=199) ~ k.82 673 B:68

(x=188, y=185) ~ .76 672 871 [(xe228, y=184) ~ R99 G:98 8:103

Figure 26: Reprojection visualization for independent calibrations

Upon examining the top-right image, it can be observed that the error remains
consistent across all calibrations. This suggests that the error may stem from fac-
tors such as the tool center or camera parameters. Overall, the variations between
different calibrations were found to be negligible.
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Moving timestamp As mentioned previously, the camera used in the system
employs a rolling shutter mechanism to capture images. The image acquisition
process occurs line by line, with each line requiring a specific amount of time known
as the "integration time". This integration time can vary depending on factors such
as sensor saturation.

ROLLING SHUTTER

Although both technologies record light for the necessary duration, not every portion of the image starts and stops receiving light at the same time. The process is
commonly referred to as a "rolling shutter" since exposures typically move as a wave from one side of the image to the other. Both film and digital work this way.

With a rotary shutter, this happens as each edge of the disc's opening sweeps across the sensor. With a sensor-based shutter, this happens as rows of photosites
are initiated and terminated in rapid succession:

Pixel Rows Full Area Pixel Rows Dark Until
Initiate Collecting Light Terminate Next Exposure

Exposure Sequence

Avrolling shutter typically goes unnoticed, and has been used to record virtually every film over the last century. In most cases, the initiation and termination
phases happen so quickly that most of the time is spent with the frame either fully exposed or obstructed. However, with slower sensors, the initiation and
termination phases may begin to occupy a greater fraction of each exposure, and can even happen simultaneously as a stripe that sweeps across the sensor:

| = Terminates
Exposure

Underway

| €= Initiates

In that case, fast-moving subjects can appear angled or sheared, and rapid camera movements are more likely to appear as a wobble. Effects are most
pronounced with whip pans, fast subjects, high shutter speeds or run and gun type shots. Strobes can also partially illuminate the frame if they go off when the
full sensor area isn't collecting light.

Figure 27: Rolling shutter

Under normal lighting conditions, the expected integration time typically ranges
between 20 to 30 milliseconds. The remaining values necessary for the calculation
are already known or available.

tot _time = 1/fps = 0.1s
tot lines = 3840
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End first line End secon d line End last line

i

Figure 28: Acquisition schedule

tot time = start time x tot lines + integ time
line offset = start time x line number + integ time/2
line offset = (tot_time — integ time) X line number/tot lines + integ time/2

In practical implementation, obtaining the line number requires a two-step pro-
cess. Initially, a projection is performed to approximate the line number, followed
by a second projection using the correct timestamp.

(a) Manual constant offset (b) Automatic dynamic offset

Figure 29: Offset comparison

Interestingly, adjusting the timestamp with a dynamic offset did not result in
significant changes compared to a constant offset. This implies that the error is likely
originating from other factors. Nevertheless, I have not conducted a comprehensive
analysis to quantify the disparity between manual offset and automated dynamic
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offset. It is possible that the difference would have been more pronounced if the
instrument tip was located closer to the edge of the image.

Based on the two aforementioned experiments, it can be inferred that the major-
ity of the errors stem from the movement of the fiducials during instrument motion.

Noisy labels in deep learning The utilization of noisy labels in deep learning,
known as weakly supervised learning, has become increasingly prevalent in the liter-
ature. This approach involves training a large-scale model on a substantial amount
of noisy data, conducting inference, and refining the annotations by retaining the
top predictions. Notable examples of this technique include whisper in speech-to-
text, CLIP, and the GPTs. In the most successful scenarios, the model is capable
of mitigating the effects of noise and achieving remarkable robustness. However,
it is important to note that these models may still produce unexpected outputs,
highlighting the need for careful evaluation and analysis.

2.6.2 Postprocessing with likelihood

Applying the Argmax operation to estimate the mean and using the Maximum to
obtain a confidence score is not the most optimal approach for postprocessing Gaus-
sian heatmaps. Instead, we can leverage mathematical and statistical techniques to
compute a likelihood score that quantifies the degree of Gaussianity in the output
heatmap.

A more accurate method involves fitting a truncated continuous 2D Gaussian
distribution based on likelihood estimation. To accomplish this, some mathematical
calculations are necessary.

Let us denote the output heatmap of the network as (H;;), and let K} be a
constant such that Kj, - Zij H;; =1

The general k-dimensional Gaussian distribution can be expressed as follows:

1

1 Ty —1
9(y|M, %) = CREID) exp[—5(y = M) "E7(y — M)]

for y € R*.
If our intention was to directly fit the distribution, the mean would be estimated
using:

However, this approach would yield poor results when the key point is located
near the image border.

Instead, we will attempt to fit a truncated Gaussian distribution. The density
function of this distribution should be proportional to:
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g(yIM,3).110.q2(y)

In order for the density to satisfy the requirement of summing to one and rep-
resenting a probability distribution, we need to introduce a constant term K (M, )
such that

K(M,%)g(y|M, E)dy =1

[0,a]?

After simplification and renaming, we obtain the following expression:
fyIM, %) = K(M,%).9(y|M, ). 1.q2(y)

1

) = Ty~ MPE 1y~ Ay

9(y|M, %) = exp[—%(y - M)"S(y — M)

Now that we have everything in place, we can compute the likelihood by treating
the heatmap as a histogram of observations.

LY|M, ) = [ ] f(ys| M, 5)
i

It is important to note that K, disappears from the likelihood equation because
it is a global constant.

1 .
log L(Y|M, %) = 2 Hijly = M)'S7 (y — M)
ij

~(C Hog( | expl-glu = MP'S Ty - Mldy) (2)

[0,a]?

By maximizing the log-likelihood, we can estimate the mean and variance of the
distribution. The maximum value obtained corresponds to a score indicating how
Gaussian the output is.

Alternatively, another approach is to estimate the parameters using the Wasser-
stein distance, which aligns more closely with human intuition.
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2.6.3 Refinement network

One approach to improving the results is to enhance the annotations. Manual
annotations could be explored as a potential solution. It is important to note that
HRNet has a maximum precision of + /- 1 pixel due to its output being four times
smaller than the input in all dimensions. Simply adjusting the size of the output
heatmap to match the input size could potentially improve the precision. However,
this adjustment may also increase the difficulty of training, and the image would
still need to be resized to the fixed size of 512 x 512, resulting in a loss of pixel
precision during the resizing process.

A more comprehensive approach involves utilizing HRNet as a key point detector
and employing a secondary network to refine the predictions within a square region
of the original resolution surrounding the HRNet prediction. The detector network
could directly regress the position, leveraging the smaller resolution of the region
for more accurate results.

2.6.4 Multi view deep learning based calibration

Instead of relying on frames at different timestamps for triangulation, a more direct
approach would be to utilize NIR cameras for the triangulation process. However,
this approach would require transmitting all NIR images instead of solely sending the
coordinates of the fiducials. Transmitting the complete NIR images would decrease
the precision of the navigation pipeline. Additionally, this approach would be limited
to obtaining only three measurements for the tip, which may restrict the accuracy
of the triangulation.
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3 Subpixel detection for trackers

3.1 Problem statement

To determine the position of instruments, trackers and NIR cameras are utilized.
In NIR images, the trackers’ reflected light appears as colored blobs, and accurately
determining the centroid of these blobs is crucial. This project focuses on evaluating
the precision of deep neural networks in calculating these centroids. Due to the
scarcity of annotated data, a feasibility study is conducted using synthetic data.

The investigation into this problem was pursued as a side project due to the
promising prospects of deep learning in this context.

3.2 Data generation

To simplify the task for the network, it is assumed that the ground truth centroid is
located within a 1x1 pixel square in the middle of the image. This assumption facil-
itates training by providing a defined target location. During the inference stage, a
simple algorithm is already capable of achieving a precision of 0.05. This algorithm
can be utilized to correct any shifts greater than 1 pixel from the center.

To simulate a sample, the following steps are performed:
1. Randomly select a center coordinate with subpixel precision.

2. Generate a 2D Gaussian heatmap centered on this point, with a specified
spatial standard deviation.

3. Multiply the heatmap by a given amplitude.
4. Apply Gaussian noise to each pixel.

5. Introduce saturation.

6. Quantize the image.

The standard deviation and amplitude are drawn from a uniform distribution
within a specific range.
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Figure 30: Simulated data sample

To mitigate overfitting and enhance generalization capabilities, the points were
sampled from a set of equally spaced points with a step size of 1/10000. This
approach significantly increases the number of potential points, resulting in a large
number of possibilities. However, during evaluation and training, only 10000 points
are randomly sampled each time, rather than iterating over all possible points.

Due to this random sampling, each evaluation may yield slightly different scores.
However, after conducting multiple tests, it was observed that the variation intro-
duced by this sampling approach is several orders of magnitude smaller than the
actual error of the solution. As a result, the variation can be considered irrelevant
noise.

3.3 Previous works
The previous approach involved computing the squared sum of the moment with

weighted values: Y. .(H;; — offset)? (;) This method achieved a precision of 0.05

]
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on synthetic data.

Most of the existing literature on key point detection focuses on semantic key
points. However, heatmap-based networks do not provide sufficient precision.

Attaining subpixel precision is challenging with heatmap-based methods because
precision is closely linked to resolution. Increasing input size is limited due to
hardware constraints. Achieving the desired precision would require direct end-to-
end optimization. While the deep learning literature has largely overlooked certain
architectures due to their performance with semantic key points, in our specific
context, it might be possible to utilize them since the problem is not purely semantic
and does not require highly powerful features for detection.

3.4 Experiments & results

Existing literature lacks comprehensive research on achieving subpixel precision in
key point detection. Consequently, I conducted extensive testing on various archi-
tectures to address this gap. The key components of these architectures consist of
a feature extractor and a regressor head.

Global architecture

Tensor
(height, width, channel)

Coordinates
(2)

Noisy image

Feature extractor
(48,48, 1)

Regression head

Figure 31: Architecture design for coordinates regressors

Regression head As mentioned previously, achieving subpixel precision with an
error of up to 0.05 pixels requires directly predicting exact coordinates and optimiz-
ing them using a loss function. Several approaches were explored:

e Softargmax: The softmax function is applied to the 2D heatmap, followed by
the calculation of the moment using the resulting heatmap. The coordinates

are computed as (g) = > Hij (

heatmap.

;.), where H;; represents the softmaxed
e Local soft argmax: This approach employs a two-step regression process. Ini-
tially, the argmax is used as an approximate mean estimator of the heatmap.

Then, the softargmax is computed on a square region of k pixels around the
argmax. This method has been used in face landmarks detection.
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e Soft moment max:Similar to the currently employed method, this approach

calculates the moment by computing the sum of squared values: (z) -

()

e Global average pooling: This method involves using a convolutional layer to
obtain 2 channels, followed by global average pooling to determine the x and
y coordinates.

e Multipectron head: This method involves flattening the heatmap into a vec-
tor and passing it through a Multi-Layer Perceptron (MLP) to obtain the
coordinates.

For the MLP and global average pooling solutions, the network is expected to
compute normalized coordinates between 0 and 1, using a sigmoid activation func-
tion as the final layer instead of direct coordinates.

Among these approaches, the Multipectron head outperformed the others sig-
nificantly. This could be attributed to the fact that while the other methods first
predict a heatmap and then reduce it to a vector in a single operation, the Multi-
pectron approach directly processes the vector without intermediate steps, allowing
for better optimization.

Regressors head

MLP head

Tensor Flattened vector MLP coordinates
(height, width, channel) (height*width*channel,) (Sigmoid activation) 2,)
Argmax head
Tensor Localization heatmap Locssf;gfrtgamra:';ax coordinates
(height, width, channel) (height, width, 1) g ! 2,)
Soft moment max

Global average pooling head

coordinates

)

Tensor Tensor
(height, width, channel) (height, width, 2)

Global average pooling

Figure 32: Regressor heads

Clement Wang Internship report 39



Gf) .
r universite

CentraleSupélec = PARIS-SACLAY ) )
3 Subpixel detection for trackers

Convolutive features extractor In the context of this problem, we are deal-
ing with regression on images. Convolutional neural networks (CNNs) are widely
recognized for their effectiveness in image-related tasks due to their inherent bias.
However, since our goal is regression, it is necessary to progressively reduce the size
of the image throughout the network. There are three options to achieve this:

e Utilizing stride in convolutions: By applying stride in convolutional layers,
we can downsample the image and reduce its size while retaining relevant
information for the regression task.

e Employing Max pooling layers: Max pooling is a common technique that
downsamples the input image by selecting the maximum value within each
pooling region. This process helps reduce the spatial dimensions of the image.

e Using Average pooling layers: Similar to Max pooling, Average pooling down-
samples the input image but by taking the average value within each pooling
region instead.

These options allow for the gradual reduction in image size while preserving the
relevant features required for the regression task.

Conv regressor module

Tensor
(height, width, channel)

Tensor
(H, W', C)

Conv (no stride) + ReLU +
MaxPool/AvgPool

Tensor
(height, width, channel)

Tensor

CNN (stride=2) + ReLU (H, W', C)

Figure 33: Convolutive modules

Regardless of the reduction method used, the experimental results demonstrated
remarkably similar outcomes.

Denoising heatmap and regressor A more advanced approach involves training
the initial part of the network to denoise the Gaussian heatmap and subsequently
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regress the positions of the centroids. Instead of training the networks separately, it
has been established that training them together through intermediate supervision
yields better results. Two methods can be employed to implement this:

1. Optimizing the latent space representation: The first method involves directly
optimizing the latent space representation to resemble the denoised image.

2. Feature extraction and separate heads: The second method incorporates a
feature extractor that maintains the dimensions of the latent space represen-
tation. This is followed by one head that utilizes the latent space to compute
the denoised image and another head that performs coordinate regression.

The second method is slightly more complex to implement but is generally con-
sidered superior since the optimal features for regression may not necessarily align
with the denoised image. This allows the network to discover its own optimal rep-
resentation.

However, in practice, these networks did not yield significantly better results.
While they did show slight improvements, this can likely be attributed to their larger
size and additional layers. This suggests that the networks are already proficient at
denoising the image without requiring intermediate supervision.

Another idea that was considered was employing intermediate supervision with
a higher resolution image. However, it is unlikely that this would have resulted in
significantly better outcomes.
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Figure 34: Intermediate supervision

Mobilenet modules In order to enhance the expressiveness and power of the
networks while maintaining a lightweight architecture, MobileNetV2 modules were
implemented. As part of this implementation, the Batch Normalization layers were
removed due to their destabilizing effect on the training process. It is hypothe-
sized that Batch Normalization may compromise localization features in contrast to
semantic features.

Figure 35: MobileNetV2 modules

Multi-flipping inference Similar to the previous project, for evaluation pur-
poses, the average prediction of all four flips is computed for each sample. This
approach has resulted in a significant improvement in accuracy.
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Results Below is a table summarizing all the conducted experiments. For both
training and evaluation, a fixed amplitude and standard deviation were used to
achieve faster convergence.

Features extractor Regressor head Interm. Muljc | MSE score
sup. flipping
None Softargmax No No 0.38
None Local soft argmax No No 0.27
None Soft moment argmax No No 0.3
None MLP No No 0.00890
Conv Maxpooling MLP No No 0.00771
Conv Avgpooling MLP No No 0.00796
Conv w/ stride MLP No No 0.00761
Conv w/ stride Softargmax No No Not conv.
Conv w/ stride Global avg pooling No No 0.39
Deep conv w/ stride MLP No No 0.00471
Conv MLP 1st meth. No 0.00511
Conv MLP 2nd meth. No 0.00478
MobileNet v2 MLP No No 0.00464
MobileNet v2 MLP No Yes 0.00334

Table 1: Experiments metrics

The experiments demonstrate the superiority of MobileNetV2 modules for fea-
ture extraction, resulting in more accurate predictions of centroids. The incorpora-
tion of multi-flipping during inference proves to be a significant factor in improving
the model’s accuracy. Moreover, the experiments suggest that the model’s perfor-
mance does not heavily rely on hyperparameters, and a more exhaustive hyperpa-
rameter search might be relevant to further fine-tune the model.

After conducting experiments on a simpler case with fixed amplitude and stan-
dard deviation, I proceeded to train the best architecture using random values and
achieved an error of 0.0053 pixels. Subsequently, I explored a few other architec-
tures, but the overall performance order remained consistent. Larger architectures
tended to yield better results, albeit requiring longer training times. The study
demonstrated that the selected architecture was highly effective, even with random
parameter values.

3.5 Future improvements

Train and evaluate on real data Directly evaluating the model on real data is
expected to yield poor performance due to the distribution shift between the syn-
thetic data it was trained on and the real-world scenarios it will encounter. Incor-
porating real data into the training process would be highly beneficial for enhancing
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the model’s ability to generalize. For example, quick movements might cause the
blobs to appear more oval than round, which can be better captured by real data
in the training set.

Weakly supervised and partial annotations Although the available real data
may be limited, we can fully exploit the invariance to rotations to augment the
dataset and create additional training samples.

Furthermore, the loss function can be tailored to address specific requirements.
For example, if we only have ground truth coordinates along the x-axis, we can
compute the loss solely for that axis.

Exploring the potential of weakly supervised learning methods, which involve
incorporating noisy or incomplete annotations, could be highly advantageous, espe-
cially when manual annotation of data is not feasible. By utilizing weak supervision
techniques, the model can leverage a large amount of available data, even if the la-
bels are noisy or incomplete. This approach allows for a more scalable and efficient
training process, enabling the model to learn and generalize effectively despite the
challenges posed by imperfect annotations.

Uncertainty estimation Incorporating uncertainty estimation techniques into
the model’s architecture would enable it to provide confidence scores alongside its
predictions. These scores can be utilized in various ways, such as down-weighting
or discarding predictions with lower confidence levels. By incorporating uncertainty
estimation, the model can make more informed decisions and enhance its overall
performance and reliability.

Better architectures Investigating alternative architectures, such as U-net, Stacked
Hourglass net, and incorporating attention layers, could potentially enhance the
model’s ability to extract features and improve its representation capabilities. These
architectures have demonstrated promising results in various computer vision tasks
and might prove valuable in enhancing the accuracy and efficiency of the centroid
prediction network. Given the limited duration of this study, the exploration was
focused on basic approaches, but further investigation into these advanced architec-
tures could be fruitful for future improvements.
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4 Conclusion

Throughout the course of this internship at Stryker, I have been actively engaged
in two compelling projects aimed at enhancing the precision tracking of surgical
instruments. The first project centered around instrument calibration and sought
to accelerate the existing process. Leveraging the power of deep learning, I designed
a novel approach that involved detecting key points on RGB images and then trian-
gulating the tip’s position using the tracker’s position and the detected key points.
This innovative method showcased remarkable results, achieving an impressive cal-
ibration error of only 3 mm with just a short 10-second video.

In the second project, my efforts were directed towards advancing the subpixel
precision of instrument tracking using near-infrared (NIR) images and innovative
deep learning approaches. Through the creation and utilization of simulated data,
I successfully developed a robust deep learning model that achieved a remarkable
error of 0.005 pixels, surpassing the existing method’s error of 0.05 pixels.

Both projects have demonstrated the remarkable capabilities of deep learning
techniques in the context of surgical instrument tracking. The outcomes of these
projects present significant opportunities for enhancing surgical procedures, ulti-
mately leading to improved patient outcomes and more efficient surgical workflows.
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