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Chapter 1

Introduction

According to data from the World Health Organization, lung cancer has the highest incidence
and mortality rates among all cancers [1]. Radiotherapy remains one of the primary treatment
modalities for lung cancer [2—4]. Lung tumors exhibit individualized periodic displacement due
to respiratory motion, which can easily lead to discrepancies between the planned and actual
irradiation areas, thereby affecting the accuracy of radiation dose delivery and increasing the
risk of complications. Image-Guided Radiation Therapy (IGRT), which relies on continuous
or quasi-continuous imaging during treatment to monitor the positional changes of tumors and
organs at risk in real-time, is a key technology for ensuring precise dose delivery and reducing
irradiation to normal tissues [5-7]. In recent years, extensive research has been conducted
in both clinical and engineering fields on respiratory motion management, respiratory gating,
and real-time tumor tracking, promoting the in-depth development of accelerators and imaging
systems [8—13].

Kilovoltage (kV) X-ray fluoroscopic image-guided radiotherapy is a common solution, yet
the low soft-tissue contrast and organ occlusion often result in poor tumor visibility and blurred
edges in fluoroscopic images. Clinically, it is necessary to implant fiducial markers around the
tumor to assist in computer-aided tumor localization [14-16]. However, the implantation pro-
cedure of these markers is invasive and may lead to complications such as pneumothorax, intra-
alveolar hemorrhage, and acute pneumonia [17-20]. Marker-less methods, which eliminate the
need for marker implantation surgery, can avoid the associated surgical risks and complications,
offering higher patient acceptance and greater potential for widespread adoption, and have thus
gradually become a research hotspot. These methods often rely on temporal information and
anatomical priors from imaging modalities, achieving tumor localization and trajectory estima-
tion through strategies such as image segmentation, registration, optical flow estimation, or deep
learning regression. Segmentation-based approaches using kV X-ray images face significant
challenges due to low soft-tissue contrast and the style discrepancy between real fluoroscopic



images and digitally reconstructed radiograph (DRR) images used for training neural network
models. These challenges severely limit segmentation performance and generalization across

patients, posing a major bottleneck for clinical translation.

Benefiting from recent advances in machine learning technology and its broad applica-
tion and research in the field of medical image processing [21-24], several deep learning-based
marker-less tumor tracking methods have been proposed using kV X-ray fluoroscopic images.
For instance, Roggen et al. [25] utilized Mask R-CNN for vertebral bone detection in intraop-
eratively acquired projection images, achieving high accuracy in spinal motion detection. He
et al. [26] proposed a neural network method based on ResNetGAN, achieving sub-millimeter
accuracy for marker-less motion tracking in paravertebral stereotactic body radiation therapy.
However, neither method is applicable to tracking soft-tissue tumors such as those in the liver
or lungs.

Among the reports on marker-less tracking suitable for lung cancer, it is common practice
to train a model specifically for each individual patient. For example, Terunuma et al. [27]
proposed an attention enhancement strategy combining random overlay and noise injection,
which endowed the deep learning model with stronger interpretability and controllability, im-
proving the real-time segmentation accuracy of lung tumors in kV fluoroscopic images. Their
ground truth generation method was relatively complex, while the validation was primarily
conducted on large tumors in the right lung, lacking coverage for cases significantly affected by
heartbeats (e.g., in the left lung) or cases with smaller tumors. Zhou et al. [7] proposed using
detectron2 [28], pre-trained on the COCO dataset [29], and performed transfer learning using
Gaussian-filtered DRR images. The prediction results from this patient-specific model showed
a total median 3D deviation of 2.27 mm, but the tumor detection rate was not high enough.
Hirai et al. [30] proposed using a deep neural network (DNN) to develop regression models for
motion detection based on the image patterns of one or more regions of interest (ROIs). This
method does not directly detect the tumor position and contour, thus potentially overcoming
situations where the tumor is severely obscured, such as by the liver. They achieved a positional
accuracy with a Euclidean distance of 1.64 4+ 0.73 mm in 10 cases involving the liver and lung.
However, certain limitations remain: besides requiring training a separate DNN for each patient,
manual setting of one or more ROIs in the region of maximum displacement on DRR images
is needed during the training phase. Furthermore, changes in the shape and size of patient or-
gans and tumors as treatment progresses may lead to substantial differences between the ROIs
defined during training and the corresponding regions in subsequently acquired images, poten-
tially degrading model performance. Yan et al. [31] optimized the tumor label generation and
grayscale conversion algorithms to produce labels whose boundaries better fit the actual visi-

ble tumor edges and to preserve more contrast information during grayscale conversion. They



used a cascaded patient-specific U-Net for tumor segmentation, localization, and tracking. This
method could not handle cases with severe liver occlusion, and the overall accuracy in tumor

localization and tracking was relatively low.

These studies collectively highlight the persistent challenges in utilizing kV X-ray fluo-
roscopy for tumor tracking, namely the poor generalizability of segmentation models across
patients and the inherent difficulty of segmenting tumors from noisy images. To address these
issues, we propose a novel workflow for real-time, marker-less tumor tracking designed for
cross-patient application. While the development of more advanced neural network architec-
tures is a viable path forward, the performance of any deep learning model is fundamentally
capped by the quality of the data it is trained on. A significant and widely recognized challenge
in this field is the "domain gap" between the clean, synthetic Digitally Reconstructed Radio-
graphs (DRRs) used for training and the noisy, lower-contrast fluoroscopic images acquired
during treatment. This discrepancy can cause a substantial degradation in model performance
when transitioning from simulation to clinical application. Recent studies have demonstrated
that explicitly addressing this domain gap by generating more realistic training data can lead to

significant improvements in model generalization and accuracy.

For instance, Unberath et al. [32] addressed the domain gap in fluoroscopy by introducing
DeepDRR, a framework that generates highly realistic X-ray images from CT scans. It inte-
grates learning-based material decomposition and scatter estimation with physics-aware for-
ward projection and noise injection. Models trained on their synthetic data successfully gener-
alized to real clinical fluoroscopy without any domain adaptation, whereas models trained on
conventional DRRs failed entirely. Kataria et al. [33] proposed to bridge the domain gap for
medical image segmentation by directly matching the feature-space distributions of the source
and target domains using kernel density estimation and Jensen-Shannon divergence. Their ap-
proach demonstrated significant performance improvements on target datasets and, importantly,
enhanced generalization to held-out domains, outperforming adversarial and moment-matching
methods, especially when the target data is limited. Guan et al. [34] comprehensively survey
the pivotal role of domain adaptation in mitigating performance degradation caused by domain
shift in medical image analysis.

Furthermore, the research and development workflow for marker-less image-guided ther-
apy systems is often fragmented and inefficient. While a number of powerful open-source soft-
ware platforms exist, none offer an integrated, end-to-end solution tailored for the specific cycle
of marker-less tumor tracking research. For example, platforms like 3D Slicer are designed as
general-purpose, extensible platforms for quantitative imaging, requiring significant customiza-

tion and scripting to connect disparate modules for a specialized task [35]. Specialized tools



like ITK-SNAP excel at specific functions such as interactive 3D segmentation and naviga-
tion [36], but they do not natively support the downstream steps of deep learning model training
and inference. Similarly, command-line toolkits such as Plastimatch, while robust for tasks like
image registration and DRR computation, are fundamentally a collection of discrete processing
functions that lack a unified graphical interface, forcing researchers to manually script the en-
tire pipeline [37]. This necessity to manually export data, process it across multiple tools, and
write custom code for model application creates a significant bottleneck. This lack of a cohesive
environment has long been recognized in the field as an impediment to progress. On the other
hand, commercial treatment planning systems (e.g., RayStation, Eclipse) are closed-source and
designed for clinical use, lacking the flexibility required for rapid prototyping and validation
of novel research algorithms. This landscape underscores the critical need for a user-friendly,
research-oriented platform that consolidates these essential functionalities into a streamlined
workflow, thereby accelerating the research cycle from hypothesis to validation.

This dissertation aims to tackle these challenges by presenting a cohesive framework for
marker-less lung tumor tracking. The main contributions are threefold:

1. We introduce a novel methodology for generating high-quality training data. This in-
cludes an improved tumor label generation technique and a physics-informed stylization
pipeline that transforms standard DRRs into realistic, fluoroscopy-like images, effectively

narrowing the domain gap.

2. We propose an integrated workflow for tumor tracking, centered around an enhanced deep
learning model that leverages the high-fidelity training data to achieve robust and accurate

segmentation performance on actual clinical fluoroscopic images.

3. We describe the design and implementation of a dedicated desktop application that pro-
vides an end-to-end solution for medical image processing in this domain. The software
integrates modules for CT/DRR handling, image stylization, Al-driven batch processing,

and automated evaluation, streamlining the entire research workflow.

By addressing the fundamental issues of data quality and workflow efficiency, this work
seeks to advance the state of the art in marker-less tumor tracking and pave the way for its
broader clinical adoption.



Chapter 2

Modeling of Degradation in SyncTraX Fluoroscopic Imaging

2.1 Style Difference

Bridging the gap between simulated DRR images and real X-ray fluoroscopic images is a criti-
cal prerequisite for achieving robust tumor segmentation and tracking performance. A straight-
forward solution would be to directly transfer the visual style of real fluoroscopic images to
DRRs using image denoising or style transfer techniques. In particular, recent advances in deep
learning-based denoising methods, including both supervised models such as DnCNN and self-
supervised approaches such as Noise2Void [38], appear promising, especially under scenarios

where clean ground-truth images are unavailable.

However, extensive preliminary experiments revealed that these methods fail to effectively
remove noise or reproduce the visual characteristics of real SyncTraX fluoroscopic images.
As illustrated in Fig. 2.1, the outputs of both DnCNN and Noise2Void exhibit minimal visual
differences from the original noisy inputs, indicating that the underlying noise characteristics
cannot be adequately captured or suppressed by these models. This observation suggests that
the noise present in real fluoroscopic images violates the fundamental assumptions commonly
adopted by conventional denoising frameworks, such as pixel-wise independence and zero-

mean noise distribution.

In particular, X-ray fluoroscopic noise acquired during radiotherapy is strongly influenced
by high-energy photon scattering and detector-related effects, resulting in spatially correlated
noise patterns and intensity-dependent degradation [39,40]. These characteristics render direct
denoising or style transfer from real fluoroscopic images to DRRs ineffective. This empirical
failure motivated a paradigm shift from direct image translation toward a Simulation-to-Real
strategy, in which the degradation process itself is explicitly modeled and analyzed. Conse-
quently, I believe that understanding and characterizing the statistical properties of noise and

7



blur in real fluoroscopic images becomes a necessary step for constructing realistic simulated

training data.

Figure 2.1: Comparison of deep learning-based denoising methods applied to real SyncTraX fluoroscopic images.
From left to right: original noisy fluoroscopic image, DnCNN-denoised result, and Noise2Void-denoised result. Both
supervised (DnCNN) and self-supervised (Noise2Void) approaches exhibit limited noise suppression, with minimal
visual differences compared to the original image. This suggests that the noise characteristics in real fluoroscopic
images cannot be effectively modeled by conventional denoising assumptions.

For the tumor segmentation model, minimizing the style discrepancy between the train-
ing images and the real images is expected to enhance tumor segmentation performance of the
model, thereby benefiting tumor localization and tracking accuracy. Compared to real projec-
tion images, DRR images exhibit poorer sharpness and different contrast [7]. Furthermore, real
fluoroscopic images contain significant noise and blur. This noise and blur primarily stem from
two factors: firstly, the scattering of high-energy photons during propagation through tissue,
causing the grayscale value of a pixel to be influenced not only by the line integral at that lo-
cation but also by surrounding pixels, especially with the additional scatter from megavoltage
X-rays during treatment; secondly, quantum noise and electronic noise inherent to the X-ray
detector are unavoidable.

To better understand the style difference between real fluoroscopic images and DRRs, we
captured multiple images of the same target, computed their average image as a clean reference,
and derived noise in the images by subtracting individual frames from this average. Specifically,
given a sequence of N fluoroscopic images {1, I, ..., Iy}, the clean reference image /I,y is
first computed by pixel-wise averaging:

Iavg(J": y) = % Z Ik(ajv y)



where (z, y) denotes the pixel coordinates. Subsequently, a set of noise-only images { Ny, N, . ..

is derived by subtracting this average from each individual frame:

Ni(z,y) = Ix(z,y) — Ian(x’ Y)

The statistical heatmaps are then generated from this set of noise images. The noise probabil-
ity, Py(z,vy), is defined as the fraction of frames in which the absolute noise value | Ny (z, y)|
exceeds a specific threshold 7. The calculation is performed using the indicator function I(-):

N
1
Pn(z,y) —N;H|kay|>7') where 7 = 2

The selection of the threshold 7 is a critical step that directly influences the sensitivity of noise
detection. The optimal value for this threshold is contingent upon the quality of the ’clean’
reference image, [,,,. An ideal reference image would be entirely free of noise, allowing for
a very low threshold. However, in practice, an image averaged from a finite number of frames
always retains some residual structural or random noise. If this residual noise in [, is sig-
nificant, i.e., the reference image itself appears grainy, a low threshold 7 would erroneously
classify these baseline fluctuations as significant temporal noise events, leading to an overes-
timation of noise across the entire image. Therefore, a noisier reference image necessitates a
higher threshold to avoid false positives. Here, the reference image was generated by averaging
a large set of 1800 frames. This large sample size ensures a very high signal-to-noise ratio
and effective suppression of random fluctuations, resulting in a very clean and stable baseline.
Consequently, a relatively low threshold of 7 = 2 was sufficient to capture genuine noise events
without misinterpreting the baseline of the reference image.

The noise amplitude, Ay(x,y), is quantified by the mean absolute deviation of the noise

values across all frames: "
]
An(z,y) = N kz_:l | Nk (z,9)|

This approach allows for a direct, empirical characterization of the noise’s frequency and typical
magnitude at each pixel location. To ensure that the target remained motionless between frames,
we fabricated a gelatin cube and acquired 1800 X-ray fluoroscopic images under 100 kV, 63 mA,
and 4 ms conditions using the SyncTraX system as illustrated in Figure 2.2 and Figure 2.3. The
results of the statistical analysis of the subtracted noise images are shown in Figures 2.4 and 2.5.
Our analysis revealed that the noise probability and amplitude in real X-ray fluoroscopic images
are not globally random but exhibit systematic correlations with both pixel location and intensity

values.

7NN}
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Figure 2.2: Gelatin cube preparation and image acquisition: (left) Container with gelatin inside; (right) Schematic
diagram of image acquisition site, the gelatin container was placed at the ISO center.

(a) (b)

Figure 2.3: Captured X-ray images of gelatin cube. (a) An X-ray fluoroscopic image captured by the SyncTraX system,
grayscaled using CorrC2G; (b) Clean image calculated by averaging 1800 images; (c) Brightness contour map of the
average image. The brightness contour map (c) shows that the brightness center of the image is shifted slightly to the
left and does not overlap with the center of the image, which indicates that the central axis of the X-ray beam is offset.
Since the gelatin container was placed at the ISO center and its shape is not circular, it is unlikely that this brightness
deviation is caused by the container.
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Figure 2.4: Noise characteristics in a gelatin cube fluoroscopic image (background pixels excluded). (a) Heatmap of
degradation-induced noise probability and (b) amplitude, derived by computing the pixel-wise variance across 1800
subtracted images (individual frames minus the average of all frames) and normalizing it to a [0, 1] range. In (a),
the mean noise probability within the central circular region is approximately 0.56, while that in the right peripheral
arc region reaches about 0.83. In (b), the mean noise amplitude in the central circular region is approximately 2.7,
increasing to around 7.2 in the right peripheral arc. Regions with lower grayscale values in the image, such as the
cube’s edges, exhibit lower noise probability and amplitude, and the farther the area is from the center of the X-ray
beam (note: the beam center, not the image center), the higher the noise probability and amplitude. Importantly, the
empirical profile is not strictly monotonic: noise probability and amplitude increase with radial distance from the beam
center until approximately one radius, after which a decline is observed. This decline becomes noticeable primarily
on the right-hand side of the image, due to a slight leftward shift of the X-ray beam center, which exposes more of
the far-right region beyond the effective beam axis. Here, the radius refers specifically to the radius of the circular
foreground region in the image.
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Figure 2.5: (a) Relationship between pixel grayscale value and noise probability. (b) Relationship between pixel
grayscale value and noise amplitude. From a holistic perspective, the relationship can be broadly divided into four
phases: rapid ascent phase (pixel values between 0 and 85), slow ascent phase (pixel values between 85 and 190,
the average noise probability and amplitude are around 0.81 and 6.5, respectively), sharp decline phase (pixel values
between 190 and 225), and recovery phase (pixel values between 225 and 255, the avearge noise probability and
amplitude are around 0.56 and 2.75, respectively). The sharp decline phase is likely attributable to the clipping of high-
amplitude noise fluctuations that exceed the upper grayscale limit of 255, while the recovery phase corresponds to the
re-elevation of the overall noise level by low-amplitude noise. Given the presence of various types of noise [41,42] in
X-ray imaging—such as quantum noise, electronic noise and structural noise from the imaging device—which exhibit
different frequencies and amplitudes, this may account for the observed four-phase relationship.

Simulating these physical characteristics enables us to generate simulated fluoroscopic
images from DRRs that possess noise and blur similar to real fluoroscopic images. This allows
us to use paired image data of DRRs and simulated images to train a neural network model,
equipping it with the ability to transform real X-ray fluoroscopic images into the DRR image
style. To this end, we designed a DRR degradation modeling method, primarily including a
Gaussian mist scattering model and a content- and spatially-dependent noise model.

2.2 Degradation Modeling

To accurately simulate the complex fluoroscopic image degradation style observed in clini-
cal settings, we propose a stochastic degradation model. This model explicitly accounts for
both the non-uniform, signal-dependent noise and the inherent diffusion caused by physical and
electronic effects. The degradation process is composed of several carefully designed stages to

generate highly realistic simulated images. The key tunable parameters that control the behav-
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ior of the proposed degradation model and potentially affect tumor segmentation and tracking

performance are summarized in Table 2.1.

Noise Characteristic Functions The noise characteristics at any pixel p = (x, y) are defined
by the noise probability (V) and the noise amplitude (V) maps. These maps are calculated as

follows:

./V;,(V, d) = Scale(PmaXa Bpa fvp(v) : fsp(d7 Xa Ud)) (21)
Na(V, d) = SC&lC(Mmax, Baa fva(v) . fsa(d7 Xa Ud)) (22)

where V' is the pixel intensity value. Pp,.x and M., are the upper limits for noise probability
and amplitude, respectively, which are set to 0.92 and 16 based on experimental observations.
fup(+) and f,4(+) are functions describing the content dependency of noise. fs,(-) and fs,(-) are
functions describing the spatial dependency of noise. o, is the central flatness radius parame-
ter. X. = (x.,y.) denotes the random offset of the X-ray beam center dpe,, from the image
geometric center dip,:

Xe = dbeam — dimg (2.3)

and d is the radial distance from the current pixel p to the actual beam center:
d=|lp — dimg — Xc|l, (2.4)

The function scale(max, min, -) represents a linear mapping of the raw calculated noise charac-
teristic to a target range defined by the base value (B, or 13,) and the maximum value (Pp,ax Or
Mmax)'

Image Content Dependency The content dependency functions f,,(V') and f,,(V') capture
the complex, multi-phase relationship between pixel intensity and noise level. To accurately
represent the observed non-linear trends (e.g., rapid ascent, slow ascent, sharp decline, and
recovery), we fit a 10th-order polynomial to curves smoothed from experimental data, as illus-
trated in Figure 2.6. In our implementation, the output of f,, (V) is multiplied by a factor of 2

to match empirical data.
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Figure 2.6: Fitting results using a 10th-order polynomial.

Spatial Dependency The spatial dependency term models the phenomenon of minimum
noise at the beam center, which gradually increases towards the periphery. The spatial func-
tions f, and f, are defined as:

fsc(d, XC, O'd) = BC + ./T"d(d, O'd) (25)

where ¢ € {p,a}, and B, is the base noise level (either probability 53, or amplitude 3,), ensuring

a baseline level of noise even at the center. F;(-) is the core radial modification function:

d2
Fi(d,04) =1 —exp (_Tﬂ) (2.6)
d

Noise Generation and Diffusion Instead of direct noise addition, our model employs a multi-
step process to simulate the physical diffusion properties of noise, as detailed in Algorithm 1.
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Algorithm 1 Stochastic Noise Generation and Diffusion Process

Input: Original DRR image /prr. Output: Degraded Image /4.,.
Generate a uniform random matrix R ~ U (0, 1) of the same size as Iprg.

Create a binary noise mask M where M (p) = 1if R(p) < N, (p).
Initialize an empty noise array [, pise_init-
Loop for each pixel p where M (p) = 1.

Sample value v ~ N (1,0 = N,(p)) and assign to I,ise_init(P), Where pi is the global noise
mean.

End loop.

Apply a Gaussian filter G(-) with ¢ = 2.0 to the sparse noise array:
[noise_blur - G([noise_init)~

Blend the original image with the blurred noise:
[blend = [DRR I [noise_blur-

Generate a secondary noise array I,,pise_sec by sampling from N (i, 0 = N,(p)) at locations
defined by the mask M.

Add the secondary noise to the blended image:
[deg o [blend + [noise_sec-

Clip pixel values of /4, to the range [0, 255] and convert to 8-bit integer.

Return /4.4. =0

Stochastic Strategy for Generalization Stochastic variables are introduced into the key pa-
rameters of the model as shown in Table 2.2. By resampling these stochastic variables during the
generation of each degraded image, the simulated data achieves high diversity and is expected
to simulate from different devices and acquisition settings, thereby enhancing the generalization

performance of the Restormer model.

Table 2.2: Stochastic Strategy for Synthesizing Degraded Images

Parameter Random Strategy / Distribution Physical Significance
X, X. ~ N(0,30) Beam center offset
o o4 ~ U(103,113) Central flatness radius
B B, B, ~ U(0.35,0.37), B, ~U(1.8,2.0) Base noise levels
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Table 2.1: Tunable parameters in the proposed degradation model and their impact on tumor

tracking performance.

Parameter Symbol Typical Value Influence on Tracking Performance
Controls the overall frequency of noise
Maximum noise D 0.92 occurrence. Higher values increase
probability e ’ image graininess and may degrade tu-
mor boundary visibility.
Determines the strength of noise fluc-
Maximum noise am- M 16 tuations. Excessive amplitude can ob-
plitude e scure tumor contours and reduce seg-
mentation accuracy.
: . Ensures baseline noise presence. Af-
Base noise probabil- n
ity B, Empirical fécts robustness to low-contrast re-
gions near the beam center.
: . Controls minimum noise level. Influ-
Base noise ampli- ot i
e B, Empirical ences backgropnq texture realism and
model generalization.
Regulates spatial noise distribution.
Beum fstresss méis | a4 Empitical Smaller .values emphasize peripheral
degradation, affecting tumors located
near image edges.
Models spatial diffusion of noise.
Gaussian blur kernel | o 2.0 Larger kernels increase blur and may
reduce fine tumor structure visibility.
Controls noise bias. Non-zero val-
Noise mean 1 0 ues may introduce systematic intensity
shifts.
Determines flexibility of intensity-
Polgmmisl arler N 10 dependent noise modeling. Higher or-

ders improve fit but risk overfitting
noise statistics.
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The noise probability and amplitude generated using our modeling method are illustrated

in Figure 2.7.

Content Dependency Spatial Dependency Combined

" .

Figure 2.7: Visual representation of how pixel values and spatial position relationship affects noise probability and
amplitude.

Noise probability

Noise Amplitude

2.3 Results

Figure 2.8 shows the visual comparison using proposed image degradation model and com-
monly used image augmentation methods.

2.4 Conclusion

This chapter presented a comprehensive analysis of the style differences between real fluoro-
scopic images and synthetic DRRs, leading to the development of a sophisticated degradation
model for simulating realistic fluoroscopic image characteristics. Through empirical analysis
using gelatin phantoms, we characterized the non-uniform, content-dependent nature of noise
in clinical imaging systems, revealing systematic correlations between noise characteristics and
both pixel intensity values and spatial location relative to the X-ray beam center. The pro-
posed stochastic degradation model successfully captures these complex relationships through
content-dependent and spatially-aware noise functions, incorporating beam center offset and
central flatness parameters to enhance realism.
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blur +no1

Figure 2.8: Visualization comparison of the image degradation model. From left to right: DRR, degraded image with
Gaussian noise, degraded image using proposed method, and GFL. It can be seen that the degraded image generated by
the proposed method can better simulate the noise pattern in GFL. It is notable that while the noise density is visibly
reduced in the two highlighted areas of the GFI, the corresponding areas in our generated image, although also showing
reduced noise, appear comparatively noisier. This discrepancy is because the corresponding areas in the source DRR
are not as bright as those in the GFI, leading to a different noise expression after degradation.



Chapter 3

Workflow for Tumor Tracking

3.1 Equipment and Data

The computer configuration used for algorithm development and model training is detailed in
Table 3.1.

The real-time motion management platform for radiation therapy utilized in this chapter
integrates a medical linear accelerator (TrueBeam, Varian Medical Systems, Palo Alto, CA,
USA) with a real-time tumor tracking system (SyncTraX, Shimadzu Co., Japan). The SyncTraX
system employs two pairs of kilovoltage (kV) X-ray tubes and color image intensifiers, mounted
on ceiling and floor rails, respectively, enabling stereoscopic fluoroscopic imaging from various

preset positions during treatment [43].

The dataset includes 4D planning CT data and CFIs from 7 lung cancer patients undergoing
real-time tumor tracking radiotherapy. The tumors were located in the right lower lobe (1 case),
right middle lobe (4 cases), and left upper lobe (2 cases). All patients had fiducial markers
implanted; these markers served solely as a reference standard for evaluation and were not used
as input for the tracking algorithm. The dataset comprises 50 pairs of consecutively acquired
CFI sequences from seven different patients. Each pair consists of X-ray fluoroscopic images
captured from two stereoscopic imaging viewpoints at a frequency of 30 frames per second,

Table 3.1: Computer Configuration

Component  Specification

CPU Intel Core 19-9940X
Memory 64 GB
GPU GeForce RTX 3090

GPU Memory 24 GB GDDR6X

19
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resulting in a total of 100 CFI image sequences.

The use of patient data was approved by the Institutional Review Board of Yamaguchi
University Hospital. Furthermore, written informed consent was waived due to the retrospective
nature of this study. This retrospective study was conducted in accordance with the relevant

guidelines and regulations outlined by the institution.

The 4D planning CT for each patient had a slice thickness of 2 mm and covered 10 respira-
tory phases. For all 4D-CT datasets in this study, inter-slice mean interpolation was performed
to reduce the slice thickness from 2 mm to 1 mm, thereby enhancing the fidelity of subsequent
DRR generation. The tumor contours delineated by doctors across all respiratory phases were
also interpolated to obtain smooth volumetric labels.

Using the interpolated 4D-CT data, DRRs and corresponding tumor label maps were gen-
erated at couch angles ranging from 0° to 355° in 5° increments, resulting in 72 couch positions
per respiratory phase. The resolution of each DRR-label pair was set to 256 x 256 pixels. Tumor
labels were generated using a threshold projection algorithm with a threshold of 7 voxels [31].
Subsequently, morphological opening and closing operations were applied using a 10x10 ellip-
tical structuring element to eliminate small isolated white regions and fill minor black voids. In
this study, DRRs and tumor labels were used to train the segmentation network. DRR rendering
adhered to the same imaging geometry as the SyncTraX system to ensure spatial consistency
with CFI acquisition.

To ensure spatial consistency and facilitate training, background standardization was ap-
plied to all DRRs and CFIs [31]. Specifically, a Standard Background (SB) mask was extracted,
where pixel values within a circular region were set to 1 and pixels outside this region were
set to 0. The same SB mask was applied to CFIs, DRRs, tumor labels, and all neural network

model outputs, ensuring identical background regions to improve network convergence speed.

3.2 Overview of Workflow

Our workflow sequentially processes the images as follows: First, intraoperative color fluoro-
scopic images are converted to grayscale using the CorrC2G algorithm [44]. Next, a transfer-
learned Restormer model transforms the image into a clean, DRR-like style. Subsequently,
a DUCK-Net model performs tumor segmentation, from which the tumor’s central trajectory
is extracted and smoothed via a low-pass filter (LPF). The complete pipeline is illustrated in

Figure 3.1.
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Figure 3.1: Workflow of the proposed pipeline. The green square from the input CFI represents the selected fiducial
marker, which was implanted around the tumor to assist in determining the tumor location. In this study, we used the
optical flow method to obtain the motion trajectory of the selected fiducial marker, which was used for comparison
against the predicted tumor trajectory.

3.3 Algorithms and Neural Network Models

3.3.1 Grayscale Conversion Algorithm

CorrC2G [44] is a correlation-based global color-to-grayscale conversion method. This method
estimates three linear weighting parameters directly by calculating the Pearson correlation co-
efficients between each RGB channel and a contrast image. We selected CorrC2G for several
reasons: It supports real-time processing without iterative optimization or training; Its compu-
tational complexity is controllable via a parameter r, which balances speed and quality. The
average processing time was 3.62 ms per image in this study; CorrC2G provides two contrast
mappings and automatically selects the best result via histogram analysis. It offers performance
superior to most existing methods and produces natural-looking output images with preserved

contrast, which aligns with human visual perception.
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3.3.2 Transfer Learning of Restormer

To mitigate the domain gap between CFI and DRR, this study employs Restormer [45] for style
transfer. Restormer is an efficient Transformer model specifically designed for high-resolution
image restoration tasks. Its core innovation lies in the redesign of the traditional Transformer
modules, namely the multi-head self-attention and feed-forward network, which significantly
reduce computational complexity while retaining global modeling capability. The choice of
Restormer is motivated by its several key advantages: it enables efficient high-resolution image
processing through its multi-dconv head transposed attention module, which reduces computa-
tional cost by shifting attention computation from spatial to channel dimensions; it effectively
integrates global and local contexts by combining the global modeling capability of the Trans-
former with local details captured through depthwise convolution, thereby enhancing restora-
tion quality while preserving fine details; it exhibits superior cross-task generalization, having
achieved state-of-the-art performance across multiple restoration tasks such as image deraining,
deblurring, and denoising; it supports a progressive training strategy that improves the modeling
of global image statistics; and its lightweight design, with fewer parameters and lower compu-
tational cost compared to other Transformer models like IPT and SwinIR, offers faster inference

speed and higher practicality.

In order to fully leverage its prior knowledge, we initialize the Restormer model with
publicly available Real Image Denoising (RealDenoising) pre-trained weights released by the

authors.

The input consists of simulated fluoroscopic-style images generated using the degradation
model proposed in Section 2.2, while the target output is the corresponding clean DRR. This
paired design enforces the network to learn the mapping from degraded inputs to DRR-style
outputs, thereby narrowing the gap between the two domains. We trained a baseline version
by applying globally random Gaussian noise. The total training epochs are 345, except for the
configurations mentioned in Table 3.2, all other training details for the Restormer model remain
the same as the author’s.

After fine-tuning, Restormer is integrated as part of the preprocessing pipeline, transform-
ing CorrC2G converted grayscale fluoroscopic images into DRR-style images, which are then
fed into DUCK-Net for tumor segmentation.
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Table 3.2: Training Configurations

Parameter Original (Restormer) Ours

Number of GPUs 8 1

Number of Workers per GPU 8 4

Batch Size per GPU 8 4

Mini Batch Sizes (Progressive) [8,5,4,2,1, 1] 4,3,2,2,1,1]
Max Patch Size (GT Size) 384 320

Patch Sizes (Progressive) [160, 192, 256, 320, 384] [128, 160, 192, 256, 320]
Max Minibatch (Validation) 8 4

3.4 Tumor Segmentation Network

To segment the tumor region from the output of the restorer, we employed DUCK-Net [46],
an encoder-decoder convolutional neural network specifically designed for medical image seg-
mentation, particularly for colon polyp segmentation. DUCK-Net was chosen as the polyp
segmentation model due to its combination of powerful multi-scale feature fusion, exceptional
generalization capability, and practical efficiency. The model’s DUCK block captures both local
details and global context through a parallel multi-path architecture, enabling it to effectively
handle polyps of diverse sizes, shapes, and textures. Notably, DUCK-Net achieves state-of-
the-art performance on multiple public datasets without relying on external pre-training, unlike
many Transformer-based approaches. Its robustness is further enhanced by a strong data aug-
mentation strategy implemented via the Albumentations library, which improves adaptability
to real-world variations in lighting, angle, and scale. In addition, the model is computation-
ally efficient, featuring fewer parameters and faster inference compared to Transformer-based
alternatives, while its multi-path convolutional design offers strong interpretability, yielding
well-defined segmentation masks with reduced false positives. DUCK-Net also demonstrates
excellent generalization in cross-dataset tests, maintaining high accuracy even when trained
and tested on data from different sources. This reliability under varying clinical conditions
underscores its strong practical applicability, making it particularly suitable for lung tumor seg-

mentation where tumor appearance and scale can vary significantly.

3.4.1 Network Input and Configuration

Since the output from the previous Restormer stage is a grayscale image, the input to DUCK-
Net is a single-channel image with a uniform size of 256 x 256 pixels. The network outputs a
binary tumor mask with the same spatial resolution as the input. The number of convolutional

filters in the initial stage was set to 17.
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3.4.2 Training Settings

The training was conducted for 700 epochs. The initial learning rate 7, was set to 2 x 1072,

decaying by 1 x 10~ after each epoch until reaching a minimum value of 1 x 107°:

M1 = max(107°, 9, — 107°), (t>0). (3.1

Most parameter settings were consistent with those in the original DUCK-Net paper. Specif-
ically, optimization was performed using the Adam optimizer with 3; = 0.9, 3> = 0.999, and
weight decay of 107%. A fixed random seed was used when splitting training, validation and
test datasets to ensure reproducibility. Data augmentation included horizontal and vertical flip-
ping, random affine transformations (scaling factor 0.5-1.5, translation range +12.5%, rotation
range +180°, shear range 4+22.5°), and color jitter (brightness range 0.6—1.6, contrast range
£0.2, saturation range £0.1, hue range £0.01). We additionally incorporated Gaussian blur
and Gaussian noise to handle cases where Restormer failed to achieve complete DRR styliza-
tion. All augmentation operations were applied with a probability of 1.0, except for Gaussian
blur and Gaussian noise, which were applied with a probability of 0.5. The loss function re-

mained the same as in the original paper, using dice loss.

3.5 Trajectory Extraction and Post-processing Analysis

Due to the lack of ground truth tumor labels for evaluation of the output, we extracted the tem-
poral trajectory of the tumor via centroid calculation and compared it with the motion trajectory
of the fiducial markers to assess the tumor segmentation performance. For the segmentation

result Q; C R? at time ¢, the tumor center position (z;, y;) is defined as:

1 1
Tp=—— i, = 3 3.2
‘= T dYoiowm o > (3.2)

(4,5) € (6,5) €
where |€);| denotes the number of tumor pixels at time ¢, and (i, j) represents the pixel coordi-

nates. Using this method, we obtain the complete trajectory sequence:

T = (@m0, (3.3)
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where NV is the number of frames in the sequence, in this study, images were collected at a rate

of 30 frames, so the relationship between time ¢ and N is: t = N/30 s.

3.5.1 Low-pass Filtering

As the megavoltage (MV) level X-ray scatter noise during radiation therapy can affect tumor
segmentation results in some frames, the extracted motion trajectory sequence often contains
high-frequency jitter components. This study employs a fourth-order Butterworth low-pass
filter to smooth the trajectory. This is very important for systems that determine whether the
tumor has reached the beam output position based on detected coordinates. The digital filter was
designed based on the following parameters: cutoff frequency f. = 8 Hz, sampling frequency

fs = 30 Hz. Its transfer function in the continuous-time domain is expressed as:

Bfa=—— - (3.4)

where w. = 27 f, is the angular cutoff frequency and n = 4 is the filter order. In the practical
digital implementation, it was discretized using the bilinear transform, with the corresponding
normalized cutoff frequency calculated as wyorm = f¢/(0.5 x f5).

A global frequency analysis was performed on all reference marker trajectories to accu-
rately characterize the frequency components of the motion signals. By applying the fast fourier
transform, the frequency spectra and corresponding amplitudes were computed. The frequency
and amplitude data from all trajectories were then aggregated to generate a frequency—amplitude
scatter plot, as illustrated in Figure 3.2. The motion of the fiducial markers or the tumor center
point is primarily influenced by the patient’s respiration and heart rate, with the frequency en-
ergy concentrated mainly below 2 Hz. This study selected a cutoff frequency of 8 Hz to filter
the motion trajectory of the tumor center point.

The filtering operation was implemented using a zero-phase filtering method to avoid in-
troducing phase distortion, ensuring that the filtered trajectory remains precisely aligned in time
with the original data.
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Figure 3.2: Frequency-amplitude distribution of the fiducial marker motion trajectory. Frequency analysis reveals
the typical harmonic structure of respiratory motion, with a fundamental frequency of approximately 0.33 Hz (20
breaths/min) and multiple harmonics extending up to 15 Hz. Notably, the amplitude of harmonic components above 8
Hz remains stable at a low level (amplitude below 50 as indicated by the red dashed line). Based on this observation, we
selected 8 Hz as the cutoff frequency to retain physiologically relevant motion components while filtering out trajectory
jitter introduced by segmentation errors in individual frames, which corresponds to the high-frequency components.
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3.5.2 3D Motion Trajectory Comparison

As introduced in the equipment section, the stereoscopic imaging system consists of two pairs of
imaging devices acquiring two image sequences simultaneously. Since identifying and pairing
the same fiducial marker across images from these two different imaging systems is challenging
by visual inspection, we developed a method to determine the position of selected fiducial
marker from images captured under different imaging positions. This paper proposes a fiducial
marker dilation method for marker matching, illustrated in Figure 3.3. The method involves
three steps: 1) A suitable fiducial marker is selected from the CT data. The selection principle
is to choose one as close to the tumor as possible and sufficiently distant from other markers to
avoid overlap or proximity issues in certain angles. 2) Dilating selected marker: set all voxels
within a Smm radius sphere centered on the marker’s center voxel to 3000 Hounsfield Unit
(HU). This process is akin to inflating the marker into a sphere with a diameter of 1 cm. 3)
DRR Generation: DRRs using geometry parameters identical to those of the acquired X-ray

fluoroscopic images are then generated.

In the generated DRR images at any angle, the selected marker region appears as a cir-
cular area, with its center indicating the marker’s position. By comparing the DRR with the
actual acquired fluoroscopic image, and using nearby bone structures, tissues, and the relative
positions to other markers as references, the position of the selected fiducial marker in the real
X-ray fluoroscopic image can be determined.

For markers that remain difficult to identify, one can either select a different marker or
reduce the dilation volume for confirmation. Subsequently, optical flow is used to track the
target fiducial marker. The 3D spatial motion trajectory is then calculated using the imaging

geometry information and the marker’s coordinates in the images.

To accurately compare the motion trajectories of the tumor center point and the fiducial
marker, it is essential to analyze their relative movement while eliminating the constant spatial
offset arising from their non-overlapping initial positions in the image plane. A direct compari-
son of the raw coordinates would introduce a large baseline error, even if their motion patterns
were identical. Therefore, we aligned the trajectories by normalizing the coordinate system to
the average position of the fiducial marker. This alignment removes the global displacement
component caused by imaging geometry, ensuring that the comparison focuses solely on the

dynamic motion relative to a common baseline.
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Before

Figure 3.3: Fiducial marker expansion and matching method. (a): Illustration of the fiducial marker expansion process
in CT data: the left panel shows the original CT slice with a red circle highlighting the target fiducial marker; the
right panel shows the same slice after expanding the marker region into a spherical volume (Smm radius, 3000 HU).
(b): Fiducial marker matching between DRR and clinical fluoroscopic image: the upper row shows DRR images
generated with identical geometric parameters to the actual imaging setup; the lower row shows the corresponding
clinically acquired CFIs. The green circles indicate the identified target fiducial marker in the CFIs. Arrows in both
DRR and CFIs point to surrounding other fiducial markers, demonstrating successful spatial correspondence between
the expanded marker region in DRRs and the actual marker position in CFIs.

The alignment is performed using the following equations:
1 e e 1 1w
r - i i m [ s il .8 il m
v, = (NZJ: NE_): ) S U= <NZy NZy ) . @3

In these equations, z; and y; represent the raw 2D image coordinates of the tumor cen-
ter point at frame ¢, while z}* and y;" represent the corresponding coordinates of the fiducial
marker. The total number of frames in the sequence is denoted by /N. The terms % Zt]i 1 Ty and
% Zi\; 1 Y¢ calculate the mean position of the tumor center point over the entire sequence, and
similarly, + vaz LT and & Zi\; 1y calculate the mean position of the fiducial marker, which
serves as the reference baseline. The resulting coordinates x} and y; are the aligned coordinates
of the tumor center point. The key operation involves subtracting the constant offset—the dif-
ference between the average positions of the tumor and the marker—which effectively centers

the tumor’s trajectory around the marker’s average position.

The registered trajectory 7' = {(z},vy,)} is then filtered using a low-pass filter. The 3D
motion trajectory of the tumor center point is calculated from this aligned 2D trajectory and

compared frame-by-frame with the reference trajectory derived from the fiducial marker.
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Table 3.3: Grading Standard Based on 2D Trajectory error

Grade E (pixels) Description

Excellent <3 Excellent performance in almost all frames.
High 3< E <8 Few frames are not accurate enough.
Moderate 8 < E' < 13 Some frames had poor results.

Low > 13 Poor accuracy in many frames.

3.5.3 2D Motion Trajectory Comparison

In addition to comparing 3D motion trajectories, we also performed 2D motion trajectory com-
parisons. This analysis focused on the in-plane motion of both the tumor center point and
the fiducial marker, which was conducted to facilitate a direct comparison with a previous
study [31]. Trajectory accuracy was assessed using the Root Mean Square Error (RMSE):

N N
1 1
RMSE, = | = >~ (¢ —a)’, RMSE, =,| > (4 — o)’ (3.6)

t=1 t=I1

The final error E is taken as the maximum of the errors in the two directions:

E = max(RMSE,, RMSE,). (3.7)

A grading standard based on the final error £/ was established, as shown in Table 3.3.

3.6 Results

3.6.1 Image Grayscaling and DRR Style Transfer Results

Figure 3.4 shows a comparison between the input CFI, the gray fluoroscopic image (GFI) pro-
cessed by the CorrC2G algorithm, the output of Restormer (GFI_DRR_Style), and the DRR
image generated under the same imaging geometry configuration as the CFL. It can be observed
that the CorrC2G algorithm preserves the contrast information in the image. Visually, compared
to the original grayscale fluoroscopic image, Restormer suppresses noise and blur in the GFI
and brings the image style closer to that of the DRR image.

Figure 3.5 presents a visual comparison of denoising results, showing that the output im-
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Figure 3.4: Comparison of image processing results at different stages. From left to right: Original CFI; CorrC2G
output; Restormer output; DRR: generated with identical imaging geometry. The CorrC2G algorithm preserves contrast
information while Restormer effectively suppresses noise and blur, producing image characteristics closer to those of
DRR images.

Figure 3.5: Visual comparison of denoising results using different methods on a sample X-ray fluoroscopic image.
From left to right: Grayscale fluoroscopic image (Input); Output from pre-trained DnCNN; Output from pre-trained
Restormer (Restormer_Ori); Output from Restormer fine-tuned on baseline dataset (Restormer_Base); Output from
Restormer fine-tuned on our proposed dataset (Restormer_Prop); Reference DRR. The results demonstrate that output
from Restormer fine-tuned on our proposed dataset has better visual quality and closer resemblance to DRR-style
images.

ages from the Restormer trained on our proposed dataset exhibit better visual quality and closer
resemblance to real X-ray fluoroscopic images.

As highlighted in Figure 3.6, we conducted a focused comparison between the baseline
method and our proposed approach. While both methods demonstrate excellent noise suppres-
sion capabilities, the Restormer fine-tuned on our proposed dataset preserves significantly more
image details, leading to superior visual fidelity and more accurate representation of anatomical

structures.

3.6.2 DUCK-Net Segmentation Results and Motion Trajectory Accuracy Assessment

For the 2D motion trajectory comparison, representative cases before trajectory post-processing
from each grade are presented in Figure 3.7. In each figure, the left part displays the workflow
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Figure 3.6: Focused comparison between baseline method and our proposed approach. While both methods demon-
strate effective noise suppression, the Restormer fine-tuned on our proposed dataset (left) preserves significantly more
image details compared to the baseline method (right). This enhanced detail preservation contributes to better visual
quality and more accurate representation of anatomical structures.

input CFI with a green square showing the selected fiducial marker on the top and the corre-
sponding tumor segmentation result at the bottom, and the right part shows the aligned x and y

coordinate values over time for the tumor center and the fiducial marker within the image plane.

With LPF post-processing, the performance is further improved (average final error £
dropped by 0.11) as illustrated in Figure 3.8.

Compared to the results of previous studies, the proportion of cases achieving Excellent
and High grades with the workflow used in this study increased significantly, while the number
of Moderate and Low grade cases substantially decreased as shown in Table 3.4. Table 3.5

shows the comparison of 3D tumor tracking accuracy between different methods.

Table 3.4: 2D trajectory evaluation comparison. All compared methods were evaluated on the
exact same dataset.

Grade E Method 1' Method 2> Method 3° Method 4* Method 5°
Excellent (0, 3] 22.73% 50% 48% 50% 51%

High (3, 8] 39.9% 45% 47% 46% 45%
Moderate (8, 13] 22.73% 4% 4% 3% 3%

Low (13,00 14.64% 1% 1% 1% 1%

1 Existing method [31].

2 Omitting style conversion of proposed method.

3 Restormer trained with baseline dataset of proposed method.
4 Proposed method without LPF.

3 Proposed method.

Partial visual results of the 3D motion trajectory using proposed whole framework are
shown in Figure 3.9.

To analyze the effect of training data scale at the patient level, multiple DUCK-Net mod-
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Figure 3.7: Representative cases of 2D motion trajectory comparison across different accuracy grades (LPF not applied).
For each case: Left panel shows the workflow input CFI with green square indicating the selected fiducial marker (top)
and corresponding tumor segmentation result (bottom); Right panel displays the aligned temporal trajectories of tumor
center (red dotted line) and fiducial marker (blue line) in image coordinates (x and y directions). (a) Excellent cases
(50%) have near-perfect trajectory alignment. (b) High accuracy cases (46%) show certain deviations in some frames
(such as frame 109 to 117, we will discuss about it later) but the trajectory remains roughly aligned with the reference
marker. This is common in cases where the image contrast is too poor, with severe noise and large tumor motion
amplitude; (¢) Moderate cases (3%) exhibit larger errors; (d) The only Low-graded graded case (1%) is caused by two
factors: significant trajectory divergence in inspiratory frames and marker tracking error in the last 44 frames. The

overall tumor detection rate is 100%.
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Figure 3.8: Comparison of filtered and unfiltered tumor trajectories. Unfiltered trajectory showing high-frequency jitter
from segmentation error (red); Low-pass filtered trajectory (8 Hz cutoff) preserving respiratory motion pattern while
suppressing the jitter. The trajectory using the low-pass filter deviates less at the points indicated by the arrow.
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Figure 3.9: Partial results of 3D motion trajectory comparison between fiducial marker (reference) and tracked tumor
center. Each subfigure shows: Individual trajectory components in LR (X), SI (Y), and AP (Z) directions with fiducial
marker and detected tumor center; Euclidean distance error (bright green, right y-axis) between fiducial marker and
tumor center across frames (x-axis). The median Euclidean error in all cases was 1.53 mm, with directional errors of
0.98 + 0.70 mm (LR), 1.09 &+ 0.74 mm (SI), and 1.34 £+ 0.94 mm (AP).
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Table 3.5: 3D trajectory evaluation comparison.

Method 1! Method 2 2 Method 3 3
LR 0.98 +0.67mm  1.00£0.69mm  0.98 £0.70mm
SI 1.14 £0.76mm 1.15 £0.77mm  1.09 £0.74mm
AP 1.34 £0.93mm 1.35 £0.91mm 1.34 £0.94mm
MEE* 1.62 mm 1.64 mm 1.53 mm
IQR* 1.04 mm 0.99 mm 1.04 mm

*MEE: Median euclidean error.

*IQR: Interquartile Range.

! Omitting style conversion of proposed method.

2 Restormer trained with baseline dataset of proposed method.

3 Proposed method.

els were trained from scratch using different subsets of the available patient data. The number
of training patients was gradually increased from one to seven. To ensure fair comparison,
all trained models were evaluated on the same test set consisting of all seven patients. Fig-
ure 3.10 illustrates the relationship between the number of patients used for training and the
resulting segmentation performance. A clear positive correlation can be observed, with Dice
scores improving substantially as more patient data are included. When trained with only one
or two patients, the model shows limited generalization capability, indicating high sensitivity
to inter-patient variability. As the number of training patients increases, segmentation perfor-
mance improves steadily, suggesting that additional patient diversity enables the model to learn
more robust and transferable tumor representations. Notably, the performance gain becomes
marginal beyond six training patients, indicating a saturation effect under the current dataset

size and network capacity.
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Figure 3.10: Relationship between the number of training patients and tumor segmentation performance. DUCK-Net
was trained using data from an increasing number of patients (from 1 to 7), and each trained model was evaluated on the
full dataset consisting of all seven patients. Segmentation accuracy was quantified using the Dice similarity coefficient.

3.7 Discussion

In the analysis of frames with discrepancies between the tracking trajectory and the reference
markers, we observed that these frames are typically accompanied by segmentation errors. The

main contributing factors can be summarized as follows:

1.Abrupt variations in brightness and contrast: As shown in Figure 3.11, the left panel
presents a trajectory rated as High, where the error significantly increases around frame 40. The
right panel displays the original images and segmentation results from frames 28—45, where
noticeable fluctuations in brightness and contrast occurred between frames 4043, leading to
reduced segmentation accuracy. Such variations are likely caused by the interference of MV

treatment beams and scattered radiation.

2. Tumor motion-induced occlusion and contrast fluctuation:

* When the tumor moves close to adjacent structures such as the liver, the boundary be-
comes severely blurred, resulting in decreased segmentation accuracy. As illustrated in
Figure 3.12, the trajectory of this sequence is shown in Figure 3.7 (b). During frames
109-117, corresponding to the end of inhalation, the tumor enters the liver region and
becomes partially occluded.
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Figure 3.11: Abrupt variations in brightness and contrast. The left figure (a) shows a trajectory rated as High, the solid
blue line represents the baseline trajectory, the dashed red line represents the predicted trajectory of the tumor center
point. The tracking error markedly increases from frame 40 to 43 (as illustrated by the vertical dashed red lines). The
right figure (b) presents the original CFIs and segmentation results, highlighting frames 40-43 (inside the red boxes)
with strong brightness and contrast fluctuations. Note that the trajectory plot in (a) starts from frame O, whereas the
image filenames start from frame 1; therefore, frame 40 corresponds to position 39 in the trajectory plot.

* At the end of inhalation, the lung volume expands, and because lung tissue has weaker
absorption of X-rays, the overall image contrast decreases. This effect is further am-
plified during grayscale conversion and style transfer, leading to degraded segmentation
performance (Figure 3.13).

Since both conditions often occur simultaneously at the end phases of inhalation, their com-
bined influence further increases segmentation errors in some cases. In this study, six image
sequences were affected by this effect, resulting in significant deviations in the maximum inspi-

ratory stages, which in turn increased the predicted trajectory error to an £ > 5 pixels.

3.Severe noise compounded with low contrast: When the image suffers simultaneously from
strong noise and insufficient contrast, the Restormer fails to restore sufficient detail, resulting
in significantly degraded segmentation accuracy. As shown in Figure 3.7 (d), this sequence is
affected not only by tumor motion but also by severe noise and low contrast, which exacerbate

the overall error.

Our initial cohort included 10 patients, 3 of these patients were excluded from this study
because our method is not suitable for tumors severely obscured by the liver, when the tumor is
located in the lower lobe of the lung and obscured by tissues such as the liver, making its position
difficult to discern even for the human eye. The accuracy of marker-less tracking based on tumor

segmentation is insufficient for such cases. For these scenarios, alternative approaches such as
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110.png
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Figure 3.12: Motion-induced occlusion. During frames 109-117 (end of inhalation, inside the red boxes)), the tumor
enters the liver region and becomes partially occluded, resulting in blurred boundaries and decreased segmentation
accuracy.

Figure 3.13: As lung expansion increases the proportion of lung regions in the image, the relatively low X-ray absorption
of lung tissue leads to blurring tumor-background boundaries and consequently degrades the segmentation performance.
Image 37.png corresponds to the end-expiration phase, while 73.png shows the end-inspiration phase. The blue contour
delineates the liver boundary. A marked reduction in liver area and a concurrent expansion of the pulmonary region
are observed in 73.png. Additionally, the black arrows indicate regions where edges become blurred due to contrast
variation.
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regression-based motion detection using ROIs (e.g., as proposed by Hirai et al. [30]) or keypoint
detection methods are recommended, as they do not rely on direct tumor contour segmentation.
For tumor segmentation-driven approaches, enhancing tracking robustness and resolution in
cases without severe obstructions like the liver could be a key pathway to improving clinical

applicability.

The average processing time of our method is 179.8 ms per image, although it is smaller
than the total system latency tolerance of 500 ms for real-time tumor tracking recommended
by AAPM TG-76. However, it remains insufficient for the 30 fps requirement of the SyncTraX
system. This is primarily due to the relatively high computational complexity of the Restormer
and DUCK-Net models.

Although visually our method does reduce the style differences between X-ray and DRR
images, in this study, image style transfer improved tumor tracking accuracy less than expected.
To quantitatively analyze this trade-off, we compared the end-to-end performance of the work-
flow with and without the style transfer module. As summarized in Table 3.6, the results clearly
show that while including style transfer improves tracking accuracy by approximately 5.6% in
median Euclidean error, it increases the processing time by a substantial 76.6%.

Table 3.6: Performance trade-off analysis of the style transfer module.

Workflow Configuration MEE (mm) Processing Time (ms/frame)
Without Style Transfer 1.62 101.8

With Style Transfer (Proposed) 1.53 179.8

Change 5.6 % performance improvement Time increased by 76.6 %

This limited accuracy gain is primarily due to the inclusion of random noise and blur
during DUCK-Net model training, which improves the model’s resilience to style differences.
Our analysis indicates that for practical implementation, the substantial increase in processing

time introduced by the style transfer step may outweigh its modest contribution to accuracy.

From a clinical and system-design perspective, the target accuracy and computational
speed of a tumor tracking system must be jointly considered under explicit safety constraints. In
radiotherapy, a commonly accepted geometric error tolerance is 2.0 mm, beyond which track-
ing errors may compromise treatment safety. Therefore, when the baseline tracking accuracy
exceeds this threshold, improving accuracy must be prioritized, even at the cost of increased
computational latency. In such cases, the inclusion of computationally expensive modules,
such as image style transfer, can be justified.

However, once the tracking accuracy is consistently within the clinically acceptable safety

margin, further improvements in segmentation or tracking accuracy yield diminishing clinical
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benefit. In this regime, processing speed becomes the dominant factor, as excessive system
latency can itself introduce additional geometric errors due to continuous tumor motion during
inference. Our results indicate that although the style transfer module improves tracking ac-
curacy by approximately 5.6%, it increases the processing time by 76.6%, which may lead to
latency-induced errors that offset its accuracy gain. Consequently, when operating within the
clinical safety zone, a streamlined workflow that omits the style transfer step and directly ap-
plies DUCK-Net represents a more practical solution. This trade-off highlights the importance
of balancing accuracy and computational efficiency based on clinically meaningful thresholds
rather than pursuing marginal accuracy improvements in isolation.

Therefore, a streamlined workflow using DUCK-Net directly is a viable alternative. In
future optimizations, adopting a more diverse data augmentation strategy for DUCK-Net could
potentially further narrow the performance gap with the Restormer-based workflow, or even
eliminate the need for a separate style transfer step. However, aggressive or poorly designed
augmentations might introduce excessive stochasticity and noise, potentially causing the model
to learn non-semantic features and thereby diminishing its ability to learn key anatomical fea-
tures [47]. We therefore believe a targeted augmentation strategy could be more effective. For
instance, introducing augmentations during training that are specifically designed to simulate
the failure cases identified in our discussion—such as abrupt brightness changes from MV scat-
ter, temporary tumor-liver occlusion, and low contrast at full inhalation—could be highly ben-

eficial. This remains a critical and promising avenue for future optimization.

A clarification on the evaluation methodology is warranted. Our approach of aligning the
mean positions of the predicted and ground-truth trajectories, while standard for comparing mo-
tion patterns, effectively cancels out systematic offsets. This means our reported accuracy pri-
marily reflects the fidelity of tracking relative motion, rather than absolute spatial localization,
and any constant positional bias would not be captured by this metric, which could be critical
for beam gating. The scale of the dataset, which comprises nearly 30,000 images, renders man-
ual tumor segmentation infeasible. Therefore, our study adopts the use of fiducial markers as
a reference, which is a standard and practical methodology for validation in marker-less tumor
tracking field.

In the absence of implanted fiducial markers, direct point-wise ground-truth error mea-
surement is not feasible for markerless tumor tracking. Nevertheless, the applicability of the
proposed system can be evaluated through clinically relevant indirect validation. Specifically,
the temporal consistency and physical plausibility of the tracked tumor trajectory can be as-
sessed, as respiratory-induced tumor motion is known to be smooth and quasi-periodic. Metrics
such as trajectory smoothness, velocity continuity, and consistency with respiratory surrogates
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(e.g., diaphragm motion or external breathing signals) provide objective indicators of track-
ing reliability. In addition, robustness across different patients, imaging conditions, and tumor

locations can be analyzed to ensure generalizability.

Similar indirect validation strategies have been adopted in clinically deployed commer-
cial markerless tracking systems. For example, in the Elekta Unity 1.5T MR-Linac system,
real-time cine MRI is used to directly visualize the tumor or surrounding soft-tissue surrogates
without implanted markers. Instead of point-wise ground truth comparison, tracking reliabil-
ity is evaluated through the temporal stability of the tracked contour, the consistency between

predicted and observed tumor positions during respiratory motion [48].

Similarly, the internal tumor motion is inferred from multi-angle kV imaging combined
with a continuously updated respiratory motion model in Accuray Radixact Synchrony sys-
tem without fiducial markers [49]. Its system performance is evaluated using a combination of
model stability analysis, motion-compensated dosimetric quality assurance, and gamma anal-
ysis under dynamic conditions, rather than direct point-wise tumor localization error. Both
phantom studies and early clinical outcomes have demonstrated that physically consistent mo-
tion modeling and stable tracking behavior are sufficient to ensure clinically acceptable dose

delivery.

These established commercial systems demonstrate that, in the absence of implanted fidu-
cial markers, markerless tumor tracking can be justified through indirect yet clinically mean-
ingful validation criteria, including motion regularity, trajectory smoothness, surrogate consis-
tency, and robustness across patients and imaging conditions. Following the same rationale,
the proposed system can be reasonably evaluated and justified for future lung cancer patients
without fiducial implantation. To further position the proposed approach within the landscape
of existing markerless tracking solutions, Table 3.7 summarizes and compares representative
clinically deployed systems with the proposed method, highlighting their respective strengths
and practical constraints.

Future research could be expanded in several meaningful directions: 1. Incorporate of
multi-center validation to assess robustness against variations in imaging protocols and equip-
ment. This would enhance confidence in its broader clinical applicability. 2. Real-time opti-
mization through model lightweighting or the use of more powerful GPUs to accelerate infer-
ence speed. 3. Multi-modal integration by incorporating signals from respiratory monitoring
systems or other tumor tracking sources to improve robustness via multi-source information
fusion, as well as clinical workflow integration that embeds the method into radiotherapy treat-
ment planning systems and online image navigation platforms to develop a readily usable aux-

iliary localization tool.



Table 3.7: Comparison of representative markerless tumor tracking approaches and the proposed method
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3.8 Conclusion

This chapter proposed and validated a novel deep learning framework for marker-less lung
tumor tracking using a cross-patient model. By applying the realistic degradation model de-
veloped in Chapter 2 to train the Restormer network, we successfully bridged the style gap
between DRRs and clinical fluoroscopic images. The subsequent DUCK-Net segmentation
network achieved high tracking accuracy across a dataset from 7 patients (100 fields), with a
median 3D Euclidean error (MEE) of 1.53 mm.

This result is clinically promising, falling well within the 2 mm clinical acceptance thresh-
old. The primary contribution of this study is the demonstration of the feasibility of a general,
"train-once, apply-to-all" cross-patient model, successfully eliminating the need for patient-
specific retraining.

However, while the framework shows high accuracy, the analysis of processing time (179.8
ms total) revealed that the style transfer step (Restormer at 78 ms) is the main performance
bottleneck. Ablation studies (as shown in Table 3.6) indicated that omitting this step (Method
1) results in only a minor decrease in accuracy (1.62 mm MEE). This presents a practical trade-
off for real-time clinical application: sacrificing a marginal degree of accuracy for crucial gains
in speed.

Therefore, future work must focus on optimizing the entire pipeline. Lightweighting the
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Restormer and DUCK-Net models and employing hardware acceleration are essential to reduce

the processing time to a clinically viable real-time target.



Chapter 4

Development of An Integrated Software Platform

4.1 Introduction

In the preceding chapters, we explored methods to enhance training data quality (Chapter 2)
and developed a deep learning workflow for tumor tracking (Chapter 3). A significant practi-
cal challenge encountered during this research was the fragmented and inefficient nature of the
existing software landscape. As discussed in the Introduction, the typical workflow for devel-
oping and validating marker-less tracking algorithms is cumbersome. It requires researchers
to sequentially operate multiple, disparate software tools: one for DICOM visualization and
segmentation (e.g., 3D Slicer, ITK-SNAP) [35,36], another for simulating imaging physics and
generating DRRs (e.g., Plastimatch, or custom scripts) [37], and separate Python environments

for training, executing, and evaluating the Al models.

This disjointed process introduces several bottlenecks:

Time Inefficiency: Significant time is lost in data conversion, manual file handling, and

context-switching between different applications.

* High Error-Proneness: Manual data transfer between steps increases the risk of hu-
man error, such as mismatched patient data, incorrect coordinate systems, or inconsistent

parameter settings.

» Steep Learning Curve: Researchers must gain proficiency in multiple complex tools,

each with its own interface and data conventions.

* Lack of Reproducibility: A workflow reliant on manual steps and disparate scripts is

inherently difficult to standardize and reproduce.

44
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To address these critical workflow inefficiencies and accelerate research in this domain, we
identified the need for a unified, end-to-end software platform. This chapter details the design,
development, and evaluation of our custom-built application, provisionally named YULAB-
B504. The primary contribution of this software is not a novel algorithm, but rather the novel
integration of all essential functions into a single, cohesive graphical user interface (GUI). It is
designed to provide a "one-stop" solution, managing the entire research cycle from initial CT

data loading to the final quantitative evaluation of Al-driven tumor tracking.

This chapter is organized as follows: Section 4.2 details the requirements analysis and
system architecture. Section 4.3 describes the implementation of key functional modules, and
Section 4.4 concludes with a discussion and summary.

4.2 System Design and Architecture

4.2.1 Requirements Analysis

Based on the identified challenges, we defined a set of core functional requirements for the

integrated platform:

1. Data Management: Load, display, and manage CT datasets in DICOM format.

2. Virtual Geometry Setup: Allow users to interactively set the radiotherapy isocenter
and define the complete geometry of a virtual X-ray imaging system using a few simple

parameters.

3. DRR Generation: Integrate a physics-based DRR generation engine capable of pro-
ducing single or batch DRR images automatically without user supervision, which is
particularly useful for generating large volumes of training data.

4. Al Model Integration: Provide an interface to load pre-trained deep learning models

(currently supporting PyTorch or TensorFlow/Keras models).

5. Batch Processing: Automate the application of the Al model to entire sequences of
DRRs or clinical fluoroscopic images.

6. 3D Tracking Visualization: Automatically extract tumor center coordinates from the Al
model’s results and visualize them.
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Table 4.1: Core technologies and libraries used in the development of the YULAB-B504 platform.

Component Technology/Library Purpose

GUI PyQt5 User interface and interaction
Data 1/0 Pydicom Reading DICOM files

Image Processing | PIL, OpenCV, NumPy Image processing

Data Management | json Managing data and state

DRR Generation | Custom Implementation Ray-projection DRR Generation
Al Inference PyTorch, TensorFlow/Keras | Loading and executing DL models

7. Automated Evaluation (Under Development): Implement a "one-click" evaluation mod-
ule that compares model predictions against ground-truth labels and automatically com-
putes standard performance metrics (e.g., Dice Similarity Coefficient (DSC), Hausdorff
Distance (HD), Target Registration Error (TRE)).

4.2.2 Technology Stack and Architecture

To meet the defined requirements, we designed a modular three-layer architecture that ensures
scalability and maintainability. The application was developed primarily in Python 3.7, leverag-
ing its rich ecosystem of libraries for scientific computing and medical imaging. The technology
stack is summarized in Table 4.1.

The system is designed as a desktop application with a clear separation between the front-
end GUI and the back-end processing core. The GUI was built using PyQtS, providing a respon-
sive and native user experience. The back-end relies on libraries such as Pydicom for DICOM
I/O, PIL (Python Imaging Library) and OpenCYV for image processing and visualization, and
PyTorch/TensorFlow for Al model inference. This modular architecture, illustrated in Figure
4.1, ensures that individual components can be updated or replaced without affecting the rest of
the application. More importantly, the design explicitly supports extensibility - new interfaces
can be seamlessly integrated into the existing framework by adhering to the standardized data

access protocols, enabling continuous platform evolution and feature expansion.

4.3 Implementation of Key Functional Modules

This section describes the implementation of the core modules corresponding to the layered

architecture and interface organization.
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YULAB-B504 System Architecture Diagram

GUI Layer

Home Interface

v//7/ DL

CT Interface DRR Interface Al Interface Settings Interface Exten{ibility
CT Functions DRR Functions Al Functions Settings Functions Nore Intertacas
Load, Display, W/L, ISO, etc. Generate, Display, Settings Model Select, Parameters, 1/0 Geometry, Paths, Save/Load

Unified Data Management
Centralized Data R/W/Delete

( Storage Layer \

Temporary Folder User-Defined Folder
Init Data, CT Cache, Runtime Vars Al Models, DRRs, Geometry Presets
GUI Components Data Management Storage Components

Figure 4.1: The modular system architecture of the YULAB-B504 application.

4.3.1 GUI Layer and Interface Implementation

The GUI layer is implemented using PyQt5, with a main window managing the Home interface
and multiple specialized interfaces. Each interface operates as an independent module while
maintaining seamless data exchange through the unified data management layer:

* CT Interface: Utilizes PyQt5’s graphics view framework for interactive CT slice nav-
igation. The interface incorporates mouse wheel support for slice browsing, interactive
window width/level adjustment. Tumor contour processing is implemented using adap-
tive morphological operations with OpenCV. Another critical function is the ability to
define the treatment iso center, this coordinate becomes the center of rotation for the

virtual imaging system.

* DRR Interface: Provides a comprehensive parameter panel for DRR generation con-
figuration, including X-ray source parameters, DRR type, couch angle, batch generation
mode, etc. It is able to efficiently produce large DRR datasets, with GPU acceleration.

* Al Interface: Implements a dynamic model loading system that automatically detects
available Al architectures from the user directory. The interface includes real-time visu-

alization of input images and model predictions using PyQt5’s graphics pipeline.
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* Settings Interface: Set up geometry configurations. It is able to save to/load/delete local

saved JSON format geometry configuration files.

4.3.2 Data Management and Cross-interface Communication

The data management layer employs a custom function that provides essential functions in-
cluding set_var, get_var, cleanup_temp_dir,initialize_global_vars,and

del_var.

The implementation follows a publisher-subscriber pattern, where data modifications in
one interface automatically trigger updates in dependent interfaces, ensuring data consistency
throughout the workflow.

4.3.3 Storage Management and Extensibility

The storage layer implements a dual-directory strategy managed through the data management

module:

* Temporary Storage: Created in the system’s temp directory during application initializa-
tion, this stores runtime data including parsed DICOM volumes, intermediate processing
results, and current session variables. Automatic cleanup routines when process ends

ensure efficient resource management.

» User Directory: Configurable persistent storage organized into subdirectories for Al
models, DRR outputs, and geometry presets. This separation allows users to maintain

project-specific configurations and reuse assets across multiple sessions.

The architecture’s extensibility is demonstrated through standardized interface contracts
and data access patterns. New sub-interfaces can be added by implementing the base interface
class and registering with the main application controller, automatically gaining access to the
shared data ecosystem and storage management capabilities.

4.3.4 Virtual Imaging Geometry and DRR Generation

Once the iso center and geometry information are registered (Figure 4.4), the user accesses
the DRR generation module (Figure 4.3). This panel allows for the complete specification of
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Figure 4.2: The CT interface. CT dataset is loaded, displaying CT and binary CT, with ISO center (white crosshairs)
registered.



50

Figure 4.3: The DRR interface. The user defines DRR parameters and output settings. The generated DRR and tumor
label are displayed in the preview window. We can use the mouse wheel to scroll through the pages to view tumor
labels.

the DRR generation, including X-ray source configuration, DRR resolution, DRR type, DRR
grayscale bit depth, and couch angle.

User can define a single projection angle or a range of angles to generate DRR sequence.
The back-end DRR engine then utilizes ray-casting algorithm to compute the projection images.
This module also integrates the stylization pipeline developed in Chapter 2, allowing users to
generate "realistic” fluoroscopy-style images directly from the CT data.

4.3.5 Al Model Batch Processing and Evaluation

The user can use integrated Al module as shown in Figure 4.5) to:

1. Load a pre-trained model file (e.g., a “*.pth*) from Chapter 3.
2. Select an input directory containing a sequence of DRRs or clinical fluoroscopic images.
3. Select a corresponding directory for ground-truth segmentation masks (if available).

4. Click "start" button to predict and "evaluate" button to evaluate.
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Figure 4.4: The Setting interface. The user defines imaging device geometric configurations here. It is allowed to name
and save, load/delete saved geometric configurations. Please note that it is necessary to click the confirm button to
register the geometric info, user can register up to two imaging devices, once the info is registered, system message
will give hints. The parameters include: coordinates of X-ray source, object-to-image distance (OID) and edge length
of imaging plane (IPEL).
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Figure 4.5: The integrated Al and Evaluation module. The user loaded a model and specifies input directories. The
input and output results are shown below.

The application then iterates through all images, performs inference, and compares the
predicted results with the ground truth (if available).

The results are presented in two forms:

* Visual Overlay: The system displays the input image with the predicted mask and
ground-truth mask stacked in different layers, scroll the mouse wheel to turn pages, al-

lowing for immediate visual inspection of the model’s performance.

* Quantitative Report: A table is populated with patient/image identifiers and the com-
puted metrics (SSIM, IoU, PSNR, Dice, etc) for each frame. This entire report can be
exported as a CSV file for further statistical analysis.

4.4 Discussion and Summary

This chapter presented the design and implementation of YULAB-B504, an integrated software

platform for marker-less tumor tracking research. We have demonstrated that by analyzing
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the specific needs of the research workflow and consolidating essential tools into a single ap-
plication, we can overcome significant bottlenecks related to efficiency, error-proneness, and
reproducibility.

The key contribution of this work is the provision of a "one-stop" solution that bridges
the gap between CT data, imaging simulation, AI model execution, and quantitative evalua-
tion. While the individual components (e.g., DRR generation, Al models) are based on existing
methods, their novel integration provides a substantial practical and methodological advantage
for researchers in this field. This tool was instrumental in enabling the large-scale experiments
and validations presented in Chapters 2 and 3.

The limitation of this software is that it currently only supports retrospective research anal-
ysis and cannot be used for real-time processing during surgery.. Future work will focus on ex-
panding the platform’s capabilities, such as integrating deformable image registration modules,
supporting a wider range of Al model architectures, and further optimizing the computational
backend for near real-time performance.
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Appendix

The non-uniform noise modeling approach proposed in this study is designed to maximize its
generalizability across different imaging devices and acquisition settings. Although the primary
parameterization in this research relies on data from one specific device, preliminary noise
analysis conducted on a newer generation SyncTraX system provides important corroboration
for the adaptability of the model.

We fabricated a gelatin cylinder and acquired 300 X-ray fluoroscopic images under 100 kV,
80 mA, and 4 ms conditions using the newer SyncTraX system. We embedded four aluminum
blocks of different thicknesses inside the gelatin to simulate bones as shown in Figure 4.6.

Statistical analysis results of the subtracted noise images are shown in Figures 4.7 and 4.8.

In the newer device, the characteristics of noise probability (V) were found to be highly
consistent with our primary findings: NV, remains lower in regions of low material density (high
pixel values) and gradually increases with distance from the X-ray beam center. However, a
notable difference was observed in the noise mean amplitude (JV;,,). This contrast is evident
when comparing the noise amplitude characteristics of the older device shown in Figure 2.5
(b), where the amplitude is clearly influenced by pixel grayscale values, with those of the newer
device shown in Figure 4.8 (b). In the newer device, the noise amplitude exhibited uniformity
across the entire image area; no significant variation in amplitude was observed between the
regions corresponding to the aluminum blocks and the surrounding gelatin area. This indicates
that the noise amplitude in the newer system has little sensitivity to changes in the pixel value
V' or the radial distance d.

This uniform amplitude characteristic is likely a result of the newer device employing
improved X-ray collimating technology, which ensures highly uniform X-ray intensity, thereby
eliminating the spatial intensity variations typical of older systems. For devices exhibiting such
high amplitude uniformity, our proposed noise model demonstrates adaptability: the o, and
[ within the amplitude functions f;,,(-) in Equation 2.6 can be adjusted to be larger until the

fsm(+) become insensitive to changes in d. This principle is analogous to the concept that "the
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Figure 4.6: Gelatin preparation and image acquisition. The aluminum blocks are labeled ’aluminum_1’ to ’alu-
minum_4’ from left to right, with heights of 1, 2, 3, and 4 mm, respectively.
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Figure 4.7: Noise characteristics in a gelatin cylinder fluoroscopic image. (a) Probability distribution map of
degradation-induced noise, derived by computing the pixel-wise variance across 300 subtracted images (individual
frames minus the average of all frames) and normalizing it to a [0, 1] range, where higher values indicate greater
degradation likelihood. To account for the fact that the average image is not perfectly clean, a threshold of 5 grayscale
values was applied, such that only differences exceeding this threshold were considered as noise. Square regions with
embedded aluminum blocks show lower probabilities than gelatin areas, decreasing toward the image center within the
circular field. (b) Heatmap of average noise amplitude across the image, calculated as the mean absolute difference
between individual frames and the average image. The noise amplitude remains stable inside the gelatin area.
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Figure 4.8: Line plots of noise characteristics along image columns, with edge pixels excluded to focus on internal
variations. (a) Average probability along columns (rows 169 to 203 contain aluminum blocks); aluminum block regions
exhibit lower probability (around 0.015 to 0.02 lower, depending on how close the pixel is to the center) compared to
gelatin areas. (b) Average amplitude along columns (rows 169 to 203 contain aluminum blocks), showing stable
amplitude in aluminum block regions compared to gelatin areas.

Earth is large enough that the local terrain appears flat," demonstrating the model’s flexible
capacity. Although noise characteristics in fluoroscopic images were observed on two sets of
equipment in this study, but their generalizability to other devices remains unclear. Furthermore,
this finding also confirms that a limitation of our proposed modeling method is that it requires

a device-specific calibration prior to its application.

To guide future adoption, this calibration procedure can be formalized into the following
steps: (1) Acquire a series of images of a static phantom (e.g., a gelatin or stationary phan-
tom) under the desired imaging conditions. (2) Calculate the mean of these images to obtain a
"clean" average image, which is then subtracted from the individual frames to isolate the noise
characteristics. (3) Determine the functional relationship between grayscale intensity and noise
by selecting an appropriate fitting method. In this study, a 10th-order polynomial was chosen
based on empirical observation, as it was simple and provided a good fit for our specific device’s
non-linear noise characteristics. (4) Finally, determine the optimal values for spatial parameters
o4 and f3, through a traversal or search algorithm to match the observed spatial distribution.

Validation across different SyncTraX system generations demonstrated the model’s adapt-
ability to varying hardware characteristics, though it requires device-specific calibration for
optimal performance. This degradation modeling approach provides a crucial foundation for
generating realistic training data, effectively bridging the domain gap between synthetic DRRs



64

and clinical fluoroscopic images - a fundamental requirement for developing robust marker-less

tumor tracking algorithms that can generalize to real clinical scenarios.



