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Abstract

Accurate segmentation of organs at risk in head-and-neck radiotherapy is important for limiting
radiation-induced damage to healthy tissue, yet fully automatic segmentation methods still require
manual correction in difficult cases. Interactive refinement offers a practical alternative, but many
refinement systems are trained with simulated point annotations while being used in practice with
human scribbles. This creates a train-test mismatch in the user-guidance channels, which we study in
this thesis as annotation-shift. To address this problem, we propose a training pipeline for interactive
segmentation refinement based on simulated human-like scribbles, combined with annotation-aware
supervision, distance-map encodings, and explicit manipulation of the initial segmentation. The method
is evaluated on head-and-neck CT data for parotid gland segmentation and compared with both a standard
point-based baseline and a balanced point-based baseline. The results show that outperforms the original
point-based refinement strategy, with the clearest gains appearing in the local evaluation near the
annotated region. At the same time, the smaller gap between scribbles and balanced points indicates
that refinement quality depends not only on annotation geometry, but also on the amount and spatial
distribution of corrective information. These findings provide evidence that annotation-shift affects
interactive refinement in interactive medical image segmentation and that simulated scribbles provide a
useful step toward refinement systems that are better aligned with real clinical annotation practice.
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1
Introduction

1.1. Background
1.1.1. Radiotherapy and the Role of OARs
Radiotherapy remains one of the most effective and widely used modalities for cancer treatment.

By directing high-energy ionizing radiation at malignant tissue, clinicians aim to damage the

DNA of tumor cells, thereby inhibiting their ability to proliferate and ultimately leading to

cell death. The procedure often involves delivering radiation from multiple angles so that the

tumor receives a concentrated dose while minimizing exposure to surrounding structures.

Despite its efficacy, radiotherapy carries inherent risks. Radiation cannot be perfectly

confined to the tumor; neighboring healthy tissues inevitably receive some exposure. These

tissues, commonly referred to as organs at risk (OARs), are of critical importance in treatment

planning. OARs are anatomical structures whose impairment would significantly affect the

quality of life—examples in the head and neck region include salivary glands, spinal cord,

optic nerves, and brain stem [1, 2]. Damage to such structures can result in side effects ranging

from temporary discomfort, such as xerostomia (dry mouth), to irreversible organ dysfunction

or, in severe cases, life-threatening complications [2].

Consequently, a precise delineation of both the target tumor volume and the nearby OARs

is essential. This process, called segmentation, enables clinicians to design radiation beams that

deliver a therapeutic dose to the tumor while sparing surrounding tissues as much as possible.

Historically, segmentation has been performed manually by radiation oncologists or trained

technicians. While manual delineation can be accurate, it is highly time-consuming and subject

to both inter- and intra-observer variability [1]. Different clinicians may delineate the same

organ in subtly different ways, introducing inconsistencies into treatment plans. The need for

efficient, reliable, and reproducible segmentation motivates the exploration of computational

methods [3].

1.1.2. Computed Tomography in Radiotherapy Planning
Among imaging modalities used in oncology, computed tomography (CT) plays a central

role in radiotherapy planning. CT scanning provides volumetric reconstructions of patient

anatomy by acquiring a series of X-ray projections around the body and reconstructing them

into cross-sectional slices. Each slice typically spans a few millimeters in thickness, and together

these slices form a three-dimensional representation of the patient.

CT imaging is particularly well suited for treatment planning for several reasons. First,

it offers excellent contrast for bone structures, which facilitates patient positioning and

immobilization during radiation delivery. The ability to visualize skeletal anatomy with high

1



1.1. Background 2

precision allows clinicians to align the patient consistently across treatment sessions. Second,

CT data are expressed in standardized Hounsfield units, which directly relate to tissue density

and provide the information required for accurate radiation dose calculations. However, CT

scans are less effective at distinguishing between soft tissues compared to modalities such

as magnetic resonance imaging (MRI). For head and neck radiotherapy, where many OARs

are small and located in close proximity to the tumor, this limitation poses a significant

challenge [1, 4, 5]. Structures such as salivary glands and lymph nodes often appear with poor

contrast, making precise delineation difficult even for experienced clinicians. These imaging

characteristics underscore the importance of advanced segmentation techniques capable of

handling ambiguous or noisy boundaries.

1.1.3. Segmentation
Segmentation of organs-at-risk (OARs) in medical imaging may be performed manually,

automatically, or through interactive refinement. Manual delineation by experts remains the

clinical reference standard, but it is resource-intensive and introduces variability that can

propagate to treatment planning and affect reproducibility in radiotherapy [1, 2].

Observer variability. Two main types of variability are commonly recognized. Inter-observer
variability refers to differences between clinicians; for example, two radiation oncologists may

delineate the same OAR boundary slightly differently on a CT scan due to subjective judgment,

training background, or ambiguity in the image. Intra-observer variability refers to differences in

the annotations made by the same clinician at different times, caused by factors such as fatigue,

memory, or interpretation inconsistencies.

Computational approaches. Early computational methods aimed to reduce the burden

and inconsistency of manual contouring and included thresholding, region growing, graph-

based methods such as interactive graph cuts and GrabCut [6, 7], Markov random fields and

conditional random fields (CRFs) [8, 9, 10], and atlas-based registration [1]. While innovative,

these approaches were often brittle when faced with patient variability or imaging artifacts.

The rise of deep learning, particularly fully convolutional networks (FCNs), transformed the

field [11, 12]. Fully convolutional architectures such as FCN, U-Net, 3D U-Net, and V-Net have

driven substantial performance gains in biomedical segmentation, including head-and-neck

CT [3, 4, 11, 12, 13, 14, 15, 16, 17].

Limitations of fully automatic systems. Despite progress, purely automatic systems may fail

on difficult cases or out-of-distribution data. Detecting local segmentation failures is therefore

crucial [18]. In radiotherapy, even small OAR delineation errors can be clinically significant [1],

and automatic outputs may still require manual refinement [19, 20].

Interactive refinement with user guidance. Consequently, interactive methods incorporate

sparse user guidance (e.g., scribbles, clicks) to correct local errors while retaining efficiency.

Representative deep interactive frameworks include DeepIGeoS and its variants, which combine

geodesic distances from user inputs with CNN-based refinement [19, 21]; minimally interactive

segmentation systems such as Slic-Seg and MIDeepSeg [22, 23]; uncertainty-guided refinement

to focus interactions where they are most beneficial [20, 24, 25]; and general interactive selection

models from computer vision adapted to medical contexts [26, 27]. Efficient computation of

geodesic transforms further enables fast propagation of user input in 3D [28, 29, 30]. These

approaches reduce annotation burden and improve reliability, but their efficacy depends



1.1. Background 3

critically on how user input is represented and how closely training-time simulations match

test-time human interactions.

1.1.4. Supervised Machine Learning
In supervised machine learning, a model is trained to predict a target output from an input

using a dataset of labeled examples. Formally, given training pairs (𝑥𝑖 , 𝑦𝑖) with inputs 𝑥𝑖 and

ground-truth labels 𝑦𝑖 , learning amounts to fitting a parameterized function 𝑓𝜃 by minimizing

a loss function ℒ.

𝜃★ = arg min

𝜃

1

𝑁

𝑁∑
𝑖=1

ℒ
(
𝑓𝜃(𝑥𝑖), 𝑦𝑖

)
, (1.1)

A central goal of supervised learning is generalization: achieving low error on unseen

examples beyond the training set. In practice, generalization is promoted through appropriate

model capacity, regularization, data augmentation, and careful validation protocols. These

choices are especially important in medical imaging, where labeled data are expensive and

class imbalance is common [3].

Supervision for interactive segmentation. Interactive segmentation can be framed as super-

vised learning by augmenting the input with user guidance channels and an initial segmentation.

Here, each training example consists of the image together with an encoding of the interaction

(e.g., clicks, scribbles, distance transforms, probability masks) and a segmentation, and the

target is the refined segmentation after applying that guidance. Training requires defining (or

simulating) representative interaction signals so that the supervision matches the refinement

behavior expected at test time. Common approaches include sampling corrective annotations

from current prediction errors and emphasizing hard/uncertain regions to show to the user

for annotations [24, 25]. Another important design choice is the encoding of user input: robust

encodings aim to preserve the semantic intent of the interaction while remaining stable across

different geometries (e.g., points versus strokes) [19, 26].

1.1.5. Domain Shift
A recurring assumption in supervised learning is that training data are representative of the

data encountered at deployment. When this assumption is violated, performance can degrade

due to domain shift (also called dataset shift or distribution shift): the input-output relationship

learned from the training distribution does not transfer cleanly to the test or deployment

distribution [31]. In radiotherapy segmentation, domain shift is not an edge case but a practical

reality, as imaging protocols, scanners, reconstruction settings, and patient cohorts often vary

across sites and over time. It has been shown that variations in medical scanner manufacturers

have significant negative effect on the accuracy of a deep learning model for medical imaging

if it has been trained on a different one [32].

Why domain shift matters for interactive refinement. In interactive segmentation, the model

consumes both an image and user guidance, otherwise known as annotations. Domain shift

therefore affects refinement in two coupled ways:

1. Image shift: the refinement network may rely on image cues (edges, intensities, texture)

whose statistics change at deployment, reducing its ability to propagate corrections

reliably.

2. Annotation shift: the distribution of user interactions at deployment can differ substan-

tially from the interactions seen during training, both in what is annotated and how it is
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annotated. This is especially pronounced when training relies on simulated prompts

(e.g., synthetic clicks derived from ground truth) that do not match clinician behavior.

As a result, a system can appear robust when evaluated on in-domain test sets yet require

substantially more user effort under a new site or protocol.

1.2. Scope of this thesis
Interactive segmentation is an appealing compromise between fully manual contouring and

fully automatic pipelines: an algorithm produces an initial segmentation and a clinician

provides sparse corrections to fix local failures. In radiotherapy planning, however, even small

residual errors in OAR boundaries can be clinically relevant. This makes the reliability of the

refinement step crucial.

A common but under-discussed issue is that many interactive refinement networks are

trained with simulated point prompts but deployed with human scribbles. This creates a domain-

shift in the user-guidance channels, which we call annotation-shift. We hypothesize that

this mismatch contributes to suboptimal refinement and propose training procedures that

explicitly simulate scribbles to better match deployment conditions. In this thesis, we study

this mismatch between training and deployment interaction prompts explicitly and propose

training procedures that better align training-time interactions with deployment-time clinician

behavior.

1.2.1. Scribbles
The literature often uses the term scribbles to denote sparse user guidance; however, the

underlying annotation geometry varies across works (freehand lines, dense strokes, scattered

points). In order to minimize ambiguity, we adopt precise terminology:

• Scribbles: annotations that form freeform, connected line segments drawn by a user or

generated by an algorithm intended to mimic user strokes. We distinguish human-generated
scribbles (drawn by annotators) from simulated scribbles (algorithmically generated).

• Points: sets of isolated pixels/voxels sampled without enforcing connectivity.

Scribbles naturally encode boundary intent and regional context along a path, whereas isolated

points provide sparser, less structured cues. Many interactive pipelines transform user inputs

into distance maps or guidance channels; geodesic distances are particularly effective at

capturing topology-aware proximity to annotations [19, 28, 29].

1.2.2. Thesis Contributions
This thesis proposes and evaluates a number of solutions for the annotation-shift problem in

interactive OAR segmentation for radiotherapy planning. We test the central hypothesis that

aligning training-time interactions with deployment-time human scribbles reduces annotation-

shift and yields more reliable, clinically relevant refinements. Our main contributions are:

1. Human-like scribble simulation. We design a training-time scribble generator that

produces freeform, connected strokes mimicking typical human corrections near uncertain

or mis-segmented regions as they occur in practice. The generator incorporates topology-

aware constraints using geodesic guidance, that aim to reduce the difference between

training and deployment scribbles.

2. Constraint-aware supervision. We introduce loss functions and preprocessing strategies

that treat annotated voxels as hard or high-confidence constraints. This has the potential

to improves local fidelity at user-marked locations while preserving global consistency

via the network and optional regularizers.
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3. Scribble-to-network encodings. We systematically compare encodings of scribbles (e.g.,

Euclidean vs. geodesic distance transforms, multi-class guidance channels, uncertainty-

targeted masks) and analyze their effect on refinement performance.

Chapter 2 reviews related work with a specific focus on integration of user interaction into

deep-learning based segmentation frameworks. Chapter 3 presents the developed methodology

for minimizing annotation mismatch. Chapter 4 describes the experimental setup to evaluate

the proposed pipeline, with chapter 5 reporting these results.

Together, these contributions provide the first systematic investigation of scribble-based

simulation for interactive radiotherapy segmentation, directly addressing the mismatch between

training-time point annotations and deployment-time human scribbles.



2
Related Work

2.1. Automatic Segmentation using Deep Learning
From its earliest applications on MNIST [33], convolutional neural networks (CNNs) [34] such

as LeNet-5 [34] and AlexNet [35] demonstrated strong performance for image classification.

Subsequent advances extended CNNs to object detection [36] and semantic segmentation [12].

In semantic segmentation, a model predicts a label per pixel/voxel, enabling dense delineation of

anatomical structures. Among many architectures, U-Net [13] has been particularly influential

in biomedical imaging.

2.1.1. U-Net
U-Net [13] introduced a symmetric encoder–decoder with skip connections that fuse context

from the contracting path with spatial detail on the expanding path. This design supports

precise localization across a range of structure sizes while training effectively with limited

annotated data, which is common in medical imaging; see Fig. 2.1 for the canonical diagram.

Figure 2.1: The U-Net architecture (adapted from [13]).

6
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U-Net variants
Numerous variants adapt U-Net to specific modalities and constraints. For volumetric CT, 3D

U-Net replaces 2D with 3D convolutions to exploit through-slice context [14, 15]. However,

repeated down/upsampling can impair the delineation of small, low-contrast soft-tissue organs

typical of head-and-neck CT due to class imbalance and loss of fine detail. To address this,

FocusNet leverages dilated (atrous) convolutions to enlarge the receptive field without excessive

resolution loss, targeting simultaneous large/small organ segmentation [4, 17].

Bayesian approximations have also been explored. For example, FlipOut variational

perturbations [37] have been used to approximate Bayesian neural networks (BNNs) for

predictive uncertainty estimation in head-and-neck contouring [5]. Such uncertainty estimates

can support downstream tasks such as quality control or interaction guidance (Section 2.1.1).

Uncertainty for Segmentation
Uncertainty has been integrated into interactive refinement primarily to guide users toward

regions likely to benefit from annotation. Wang et al. [38] employ a Bayesian U-Net to highlight

uncertain slices in fetal brain MRI, while Zheng et al. [25] formulate interactive segmentation

as continual learning with uncertainty-aware interaction policies. These approaches assume a

correlation between uncertainty and error; however, uncertainty quantifies model confidence

and does not guarantee misclassification localization [39].

In our preliminary experiments, slice selection based on predicted uncertainty did not yield

consistent Dice improvements over random selection. We also evaluated feeding uncertainty as

an additional input channel to the refinement model and observed no clear gains. Consequently,

we focus the remainder of this work on the annotation modality (scribbles vs. points) and its

encoding, which directly affects the supervision signal presented during interactive refinement.

2.2. Refinement Networks
Deep interactive frameworks refine an automatic base segmentation using sparse user inputs.

DeepIGeoS [19] introduced a two-stage pipeline: P-Net produces the base segmentation, and

R-Net refines it conditioned on user guidance. The encoding of user input follows the “distance-

map” paradigm popularized in DIOS [26, 40], where foreground/background interactions

(points or strokes) are transformed into auxiliary channels concatenated with the image and/or

base mask (Fig. 2.2).

Figure 2.2: Example of distance-map encoding of user interactions (based on DIOS [26]).

DeepIGeoS employs geodesic distance maps to propagate user input along intensity-

coherent paths and concatenates these with both the image and base segmentation [19]. Its

follow-up, DeepIGeoS-V2, opted for truncated Euclidean distances, reporting sensitivity of

geodesic distances to low contrast in their data [21]. Other pipelines combine distance encodings

with probabilistic priors such as Markov/Conditional Random Fields (MRF/CRF) [8, 9] or

design alternative encodings (e.g., exponentialized geodesic maps in MIDeepSeg [23]).

Selecting an encoding is dataset-dependent: geodesic distances can respect topology and

boundaries but may be unstable with weak gradients; Euclidean/truncated distances are robust

and cheap but less boundary-aware. Hyperparameters (truncation radius, normalization,
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separate FG/BG channels) materially affect behavior and require careful tuning.

2.3. User Interaction Simulation
Interactive refinement requires training triples (image, base segmentation, user input). Since

collecting realistic user inputs at scale is prohibitively expensive, most systems rely on

simulated annotators. Early frameworks such as DIOS [26] and DeepIGeoS/DeepIGeoS-

V2 [19, 21] generated annotations by sampling points within misclassified regions (under- or

over-segmentation) and converting them into distance maps (Fig. 2.3). This approach made

large-scale training feasible but oversimplified the geometry of human interactions.

A common limitation across these studies is a mismatch between training and evaluation:

models trained on simulated points are often tested with human scribbles (freehand strokes).

This “annotation shift” alters the distribution of auxiliary guidance channels (e.g., distance

transforms) presented at deployment, potentially degrading refinement quality. To our

knowledge, no prior work has systematically simulated scribbles during training to close

this gap. Our work addresses this omission by generating human-like scribbles that better

approximate realistic annotations, and by investigating encoding strategies tailored to such

inputs.

Figure 2.3: Simulated user clicks on under-/over-segmented regions (green: automatic, yellow: ground truth,

red/cyan: clicks). Adapted from DeepIGeoS [19].



3
Methodology

Our methodology combines a multi-stage deep learning framework with a scribble simulator

designed to mimic human corrections. A base segmentation model (BaseNet) provides coarse

masks, while a refinement model (RefNet) updates these masks based on annotations. To close

the annotation-shift gap, we simulate scribbles during training. Figure 3.1 shows the overall

workflow.

Figure 3.1: Schematic of the training/testing pipeline.

A two-model system was chosen because the generation of an initial segmentation and the

refinement of that segmentation based on user input are fundamentally different tasks. BaseNet

is designed to produce a coarse but reliable mask directly from the entire image, capturing the

overall anatomical structure without requiring any interaction. RefNet, on the other hand, is

specifically intended to improve this initial prediction by incorporating sparse user annotations.

Separating these tasks allows each network to specialize in a clearly defined objective: BaseNet

focuses on global segmentation, while RefNet focuses on localized correction of remaining

errors. This design also reflects the intended interactive workflow more naturally, where an

automatic prediction is first generated and subsequently refined through user feedback. In

addition, the modular setup makes the framework more flexible, since both stages can be

trained, evaluated, and improved independently and the BaseNet can be switched out for a

state-of-the-art segmentation model.

9
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We break up the methodology into six distinct sections in the order in which data is flowing

through the pipeline.

1. Dataset: describes the dataset used in this work, together with the preprocessing and

augmentation steps applied to standardize the scans and improve generalization during

training.

2. Neural Networks (BaseNet): introduces the architecture and training procedure of

BaseNet, which generates the initial coarse segmentation that serves as the starting point

for refinement.

3. Simulating User Annotations: presents the proposed scribble-simulation strategy, includ-

ing the selection of informative error regions and the generation of realistic foreground

and background scribbles.

4. Encoding Annotations: explains how the generated scribbles are transformed into

distance-map representations so that they can be incorporated as structured input to the

refinement model.

5. Input Manipulation: describes the additional transformation applied to the base seg-

mentation using the annotation information, ensuring that the correction signal is made

explicit before refinement.

6. Neural Networks (RefNet): details the architecture, loss function, and training pipeline

of RefineNet, which combines the image, base prediction, and annotation encoding to

produce the final refined segmentation.
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3.1. Dataset

This section describes the dataset used in this study and the preprocessing and augmentation

steps applied to it. Because segmentation performance depends strongly on the consistency

and quality of the input data, these steps are designed both to simplify the incorporation of

annotations and to improve model generalization.

At a high level, the preparation pipeline consists of two stages:

• Before training (resampling and resizing): the scans are standardized by isolating the

target organ, centering it within the volume, resampling to isotropic voxel spacing,

cropping to a fixed size, and normalizing the intensity values.

• During training (data augmentation): controlled perturbations are applied to expose

the model to realistic anatomical and acquisition-related variation without introducing

implausible samples.

Dataset choice
The dataset used for training and evaluation is the MICCAI 2015 Head and Neck Segmentation

Challenge dataset, introduced by Raudaschl et al.[1]. It contains 48 CT scans of the head and

neck region. Each scan is accompanied by expert delineations of organs-at-risk (OARs), which

serve as ground-truth segmentations.

In this work, we restrict the task to binary segmentation of the left and right parotid glands.

These glands are known to be challenging to segment, with prior work reporting mean Dice

scores of approximately 0.84, although smaller structures such as the optic chiasm and optic

nerves are generally even more difficult.[41, 42]

Before training
Several preprocessing operations are applied before training to improve inter-sample consistency

while preserving the anatomical characteristics relevant to segmentation.

Resampling The scans appear to originate from different scanners or acquisition protocols, as

voxel spacing varies across the 𝑥, 𝑦, and 𝑧 axes. This introduces heterogeneity and complicates

spatially dependent operations.

First, the left and right parotid glands are isolated and centered within the volume, reducing

positional variability across samples. Each volume is then resampled to a 1 mm isotropic voxel

spacing. This simplifies the computation of distance maps and ensures that spatial relationships

are represented consistently in all directions.
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Cropping Each sample is then cropped to a fixed volume of 64× 64× 64 voxels. This allows the

full volume to be processed efficiently in GPU memory, avoiding patch-wise segmentation. A

side length of 64 was chosen because it is a power of two, which is convenient for the repeated

down-sampling and up-sampling operations in a U-Net.

Finally, the CT intensities are normalized to the range [0, 1]. Because Hounsfield units have

a consistent physical meaning across CT scans, we avoid normalization methods that alter

intensities on a per-scan basis. In particular, z-score normalization may reduce comparability

between scans and is sensitive to outliers. Instead, we linearly rescale the intensity range [0, 300]
to [0, 1]. This interval covers the values most relevant to the present task, from water-equivalent

tissue to denser soft tissue and lower-density bone.

During training
Data augmentation In addition to preprocessing, we apply online data augmentation during

training to improve generalization. This is especially relevant in a relatively small dataset with

substantial anatomical variability. The goal is to expose the network to realistic variation in

appearance and positioning while preserving anatomical plausibility.

We apply small random spatial transformations to account for minor differences in patient

positioning and scan acquisition. In head-and-neck CT, patients are typically positioned

carefully, so large translations or rotations are uncommon. For that reason, the augmentation

ranges are kept deliberately small.

The transformation ranges are:

• Rotation: [−5, 5]◦
• Shift: [−5, 5] voxels

• Scale: [0.90, 1.10]

We also add Gaussian noise with mean 0 and standard deviation 0.1. This is motivated

by the fact that CT images contain scanner-related noise: differences in hardware, acquisition

settings, and reconstruction methods can introduce small intensity fluctuations. Adding a

limited amount of noise during training improves robustness to such variation while preserving

the relevant anatomical information. Although CT noise is not strictly Gaussian from a physical

perspective, and is more accurately described by a Poisson–Gaussian model, Gaussian noise

remains a common and practical approximation in medical image augmentation.[43, 44]
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3.2. Neural Networks (BaseNet)

In contrast to previous approaches that utilized the MICCAI Head and Neck dataset

for interactive refinement by categorizing all organs simultaneously, we opted for a binary

classification method. This choice is more suitable and practical in clinical settings, where

annotators typically annotate one organ at a time before proceeding to the next. [45]

Similar to other interactive refinement approaches, we employ two deep learning models:

a base model (BaseNet) and a refinement model (RefNet). The base model generates an initial

coarse segmentation of the image, which the refinement model then enhances using user

annotations. In this section we will go over BaseNet.

Architecture
For the BaseNet we aim to look more into accuracy rather than speed, as that model is only

used once per CT scan. Most of the previous work used networks similar to or inspired by

the U-Net architecture, which is a fully convolutional network that uses skip connections to

preserve spatial information. U-Net was originally designed to work on 2D image data, so for

CT data, the similarly structured 3D U-Net architecture is more commonly used. We decided

to use a model inspired by FocusNet, which is a variation of 3D U-Net, which provides better

accuracy on the Head and Neck (HaN) dataset due to solving the problem of imbalanced small

and large organs.

Training
Training the base network is a simple binary segmentation process. Since we use a FocusNet

inspired architecture, we use a similar training strategy. We use a binary cross-entropy loss

function as shown in equation3.1, which is the standard loss function for binary segmentation

where 𝑦 is the ground truth and 𝑦̂ is the prediction of the BaseNet. We use the Adam optimizer

with a learning rate of 0.001 and a batch size of 5. We then train the model for 300 epochs.

BCE(𝑦, 𝑦̂) = − 1

𝑁

𝑁∑
𝑖=1

𝑦𝑖 log(𝑦̂𝑖) + (1 − 𝑦𝑖) log(1 − 𝑦̂𝑖) (3.1)
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3.3. Scribble Simulation

During training, the model requires user-provided annotations as an additional input signal.

In prior work, such interactions are often simulated by selecting random points within the

current error regions during training, while evaluation is performed using real human scribbles.

This introduces a mismatch between training and testing conditions, which we previously

called the annotation-shift. The central motivation of this work is therefore to investigate

whether training with simulated scribbles that more closely reflect human annotation behavior

leads to improved final segmentation accuracy.

An important constraint of the proposed implementation is that annotations must be provided

as a pair of complementary scribbles. More specifically, the method requires a foreground
scribble, indicating voxels that belong to the target organ, and a background scribble, indicating

voxels that belong to the surrounding background. This requirement is rooted in the way

the scribble information is incorporated into the neural network. The model expects a fully

defined input representation for each annotation channel. Consequently, it is not sufficient

to provide supervision on only one side of the boundary while leaving the complementary

side unspecified, since neural network inputs cannot meaningfully encode an ’undefined’ state

in one of their layers without introducing ambiguity into the representation. This will be

explained more thoroughly in the Refinement Network section.

Anatomy of a scribble
To simulate scribbles in a meaningful way, it is first necessary to define which characteristics

such annotations should possess. Although human scribbles are inherently subjective and may

vary between annotators, we identify several properties that are important for constructing a

realistic approximation. These properties are chosen to reflect both the practical way in which

users interact with segmentation systems and the type of corrective information that such

interactions are intended to provide.

The simulated scribbles should satisfy the following properties:

– They should focus on large erroneous regions. In an interactive setting, a user is more

likely to correct prominent mistakes first, since these regions contribute most strongly to

the perceived segmentation error. [46]

– They should resemble freeform lines. Human annotations are typically drawn as

continuous hand motions rather than as isolated points or highly regular geometric shapes.
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Representing scribbles as freeform lines therefore makes the simulated interactions more

consistent with the physical act of manual annotation.

– Include variation in shape, placement, and extent. Real human scribbles are not perfectly

deterministic: their exact placement, curvature, and extent vary between annotators

and even between repeated annotations by the same person. Incorporating randomness

prevents the simulation from becoming overly rigid and reduces the risk that the model

overfits to an artificial annotation pattern.

– They should operate primarily on individual slices rather than the full volume. In

clinical practice, annotations are commonly made in a slice-wise manner, as users typically

inspect and correct volumetric scans through two-dimensional views. Restricting scribbles

to slices therefore better matches the way interactive corrections are performed in real

annotation workflows.

Taken together, these design choices aim to produce simulated scribbles that approximate the

behavior of a human annotator more closely than simpler point-based interaction models. In

the following sections, we propose a scribble generation method that satisfies each of these

properties.

Scribble Pipeline
The proposed scribble-generation procedure consists of several stages, each designed to identify

informative annotation locations from the disagreement between a base segmentation and the

corresponding ground truth. The objective of this pipeline is to place user annotations in the

form of scribbles in regions where the current segmentation deviates most strongly from the

reference annotation, thereby yielding sparse but meaningful supervision.

Given a base segmentation and its associated ground-truth mask, the pipeline proceeds as

follows:

1. selection of a compatible slice;

2. detection and ranking of erroneous regions within that slice;

3. generation of scribbles for the selected erroneous region;

4. rendering of the generated scribbles onto the slice.

3.3.1. Compatible Slice Selection
The first stage consists of selecting a slice on which scribble generation is meaningful. For this

purpose, a slice is considered compatible if it contains pixels that are in the base segmentation

and not in the ground-truth and vice versa. From these slices a candidate slice is randomly

selected.

3.3.2. Error-Region Detection
After selecting a slice, we need to find the most erroneous regions between the segmentations in

the slice, which involves calculating a score for each erroneous region in the slice and selecting

the one with the largest score.

Ranking Erroneous Regions
Erroneous regions are identified by extracting the contours of both the base segmentation

and the ground-truth annotation in the selected slice. In general, these contours do not

coincide exactly, and the discrepancies between them correspond to oversegmentation and

undersegmentation errors.

Pictured in 3.2a is an example of a missegmentation. The ground-truth is represented
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by the green contour, and the base segmentation is represented by the red contour. A human

can spot the region with the largest error (as defined in the next section) intuitively. To be able

to select an appropriate error region we first need to isolate each region. We know that an

erroneous region is enclosed by intersections between the contours, as pictured in 3.2b.

By taking the ground-truth and base contours between each crossing we can isolate all error

regions as pictured in 3.2c. This contour-based decomposition was chosen because it transforms

a potentially complex global mismatch into a set of localized correction candidates, each of

which can be evaluated independently.

In the special case where there is no crossing, then we know that the entire segmentation is

wrong and the segmentation as a whole will be selected as an erroneous region.

(a) (b) (c)

Figure 3.2: Isolating erroneous regions.

Calculating Error
In order to rank erroneous regions we need a way to quantify the error for any region. For

this purpose, the Hausdorff distance is used to measure the discrepancy between the contour

segment from the base segmentation and the corresponding contour segment from the ground

truth. This metric was selected because the aim of the ranking stage is not merely to measure

average disagreement, but to identify the region with the most pronounced local error. The

Hausdorff distance is well suited to this purpose, since it is sensitive to the largest deviation

between two point sets. The Hausdorff distance between two contours is defined as the

maximum distance from a point on one contour to its closest point on the other contour. The

formula for the Hausdorff distance is shown in 3.2.

𝐻𝐷(𝐴, 𝐵) = max

(
max

𝑥∈𝐴
min

𝑦∈𝐵
∥𝑥 − 𝑦∥2 , max

𝑦∈𝐵
min

𝑥∈𝐴
∥𝑥 − 𝑦∥2

)
, (3.2)

where ∥𝑥 − 𝑦∥2 denotes the Euclidean distance between contour points 𝑥 and 𝑦.

We calculate the Hausdorff distance for each region and then calculate the one with the

largest error. An example of this applied to the slice from the previous section is shown in

figure 3.3.

3.3.3. Scribble Generation
The next step in our scribble generation method is to generate scribbles for the selected

erroneous region.

Generating a Scribble
Once an erroneous region has been selected, the next step is to generate the corresponding

foreground and background scribbles. Since the selected region is bounded by the ground-truth
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Figure 3.3: Finding the largest error region by Hausdorff distance

and base contours, the ground-truth contour provides a natural geometric reference for this

construction. More specifically, because the ground-truth contour represents the boundary

of the target organ, two contours drawn approximately parallel to it will, by construction,

lie on opposite sides of that boundary: one inside the organ and one in the surrounding

background. This makes the ground-truth contour a suitable basis for generating paired

corrective annotations. An example is shown in Figure 3.4, where the ground-truth contour

is depicted in orange, and the inner and outer annotations are shown in yellow and blue,

respectively.

When generating these annotations, the offset from the ground-truth contour is chosen

randomly between 1 and 5 units. The inner and outer contours are offset independently, such

that the midpoint between them does not trivially coincide with the ground-truth contour.

This design introduces asymmetry between the foreground and background scribbles and

avoids encoding the target boundary in an overly explicit manner.

Figure 3.4: Offsetting a scribble from the ground truth
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Perturbing the Scribble
However, offsetting and smoothing alone are insufficient to produce realistic scribbles. If

the generated contours were obtained only by applying a uniform offset to the ground-truth

boundary, the distance from each point on the inner and outer contours to the reference

contour would remain approximately constant. As a result, the generated annotations would

appear overly regular and would fail to reflect the local shape variations that naturally arise

in human freehand input. To better approximate real user interactions, additional variation

must therefore be introduced beyond simple geometric offsetting. To illustrate our approach to

introduce more realistic perturbations we will apply our technique to the scribble shown in

Figure 3.5.

Figure 3.5: Initial scribble

Random Translation Perturbation To make the generated scribbles appear more realistic,

we considered perturbing the points that define the curve. A simple approach is to apply

an independent random translation to each point, with the displacement in both the 𝑥- and

𝑦-directions sampled from a uniform distribution, as defined in Equation 3.3, where 𝑠 represents

the maximum translation magnitude.

𝑥 = 𝑥 +𝑈(−𝑠, 𝑠)
𝑦 = 𝑦 +𝑈(−𝑠, 𝑠)

(3.3)

This produces a scribble of the form shown in Figure 3.6. However, the method has an

important limitation: it ignores the ordering of the points along the curve. Since a scribble

is fundamentally an ordered freeform line, independently perturbing its points can disrupt

the local continuity of the shape and lead to unrealistic behavior, such as abrupt distortions or

self-overlap, as shown in Figure 3.7. In principle, this issue can be mitigated by constraining 𝑠

such that the displacement remains small relative to the spacing between neighboring points.

However, this also limits the amount of variation that can be introduced. For this reason, we

did not adopt this strategy and instead sought an alternative method that offers greater control

over the perturbation of the generated scribbles.

Figure 3.6: Using random offsets with 𝑠 less than half the distance between points

Translating along the normal In the previous perturbation strategy, each point of the scribble

was translated independently in a random direction. As discussed above, this approach treats

the points as isolated samples rather than as elements of an ordered curve. Since a scribble is

fundamentally a line-like structure, it is more appropriate to base the perturbation on geometric

properties of the line itself. A natural choice is the normal vector, i.e., a vector perpendicular
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Figure 3.7: Problems when 𝑠 is greater than half the distance between points

to the local tangent of the curve. For a line segment defined by two points 𝑝
𝑥𝑦

1
and 𝑝

𝑥𝑦

2
, the

corresponding unit normal can be computed using Equation 3.4.

𝑛𝑥 = 𝑝
𝑦

2
− 𝑝

𝑦

1
,

𝑛𝑦 = 𝑝𝑥
1
− 𝑝𝑥

2
,

𝑚 =
√
(𝑛𝑥)2 + (𝑛𝑦)2 ,

𝑛̂ =
1

𝑚

[
𝑛𝑥

𝑛𝑦

]
.

(3.4)

Using this definition, a normal can be assigned to every point on the scribble. For the first

point, the normal is taken from the segment connecting the first and second points; for the

last point, from the segment connecting the final two points. For all intermediate points, the

normal is defined as the average of the normals of the two adjacent line segments. This yields

a locally consistent perpendicular direction for each point along the curve. An illustration of

this construction is shown in Figure 3.8.

Figure 3.8: Calculating the perpendicular line for a point using the normals

After gathering these perpendicular lines, we can attempt the same perturbation method

as before, but now using the normals as a guide instead of a random direction. For the formula

we use a slightly adjusted formula to only move along the normals.[
𝑥′

𝑦′

]
=

[
𝑥

𝑦

]
+𝑈(−𝑠, 𝑠)

[
𝑛𝑥

𝑛𝑦

]
. (3.5)

An example of the resulting scribble is shown in Figure 3.9. Compared with fully random

translation, this approach yields perturbations that better respect the line-like structure of the
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scribble, since each point is displaced in a direction that is locally consistent with the curve

geometry. This makes the method a better choice than isotropic random offsets when the goal

is to preserve the continuity of the annotation.

Nevertheless, this strategy was ultimately not adopted as the final solution. The main

limitation is that the perturbation is still applied independently at each point, and there-

fore remains fundamentally local. Although the direction of motion is now geometrically

meaningful, the magnitude is still sampled point-wise, so the method primarily introduces

small-scale irregularities rather than coherent large-scale deformations. In practice, this makes

it well suited to modeling effects such as local jitter or a shaky hand, but much less effective at

representing structured deviations that are common in human annotations, such as a scribble

gradually drifting to one side or developing a broader bend over part of its trajectory.

For these reasons, perturbation along the normal was retained as an informative intermediate

experiment, but a different method was sought that would provide more control over coherent,

larger-scale variation in scribble shape.

Figure 3.9: Using random offsets along the normal

Scribble Perturbations In the previous methods we looked at each point individually to

generate perturbations, and explained why those traits are not necessarily desirable for us. In

order to create perturbations that are applied along the entire length of a scribble we decided

to use a sine function as a parameter for the perturbation, which allows us to create smooth

and continuous perturbations that follow the shape of the scribble.

A further advantage of this formulation is that the frequency, phase, and amplitude can each

be controlled independently. The amplitude determines the magnitude of the displacement,

the frequency controls how rapidly the perturbation varies along the scribble, and the phase

determines where the deformation pattern begins. A schematic illustration of these parameters

is shown in Figure 3.10. To generate random perturbations, the sine function is defined as

𝐹(𝑖) = 𝑎 sin(2𝜋 𝑓 𝑖 + 𝑝), (3.6)

where 𝑓 denotes the frequency, 𝑝 the phase, and 𝑎 the amplitude. The parameter ranges for

the corresponding uniform distributions were selected empirically through iterative visual

inspection of the resulting scribbles.

After generating the sine function, we can use it to perturb the scribble by using the formula

3.7 where 𝑥 and 𝑦 are the coordinates of the point, 𝑛𝑥
and 𝑛𝑦

are the normal of the point and 𝐹

is the sine function. [
𝑥′
𝑖

𝑦′
𝑖

]
=

[
𝑥𝑖
𝑦𝑖

]
+ 𝑎 sin(2𝜋 𝑓 𝑖 + 𝑝)

[
𝑛𝑥
𝑖

𝑛
𝑦

𝑖

]
. (3.7)

This will create a perturbation that is applied along the entire length of the scribble, and will

be more consistent with the shape of the scribble than the previous methods. An example of

this is shown in figure 3.11.
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Figure 3.10: Sine function and controllable parameters

Figure 3.11: Using a sine function to perturb the scribble

3.3.4. Drawing the Scribble
The final step of the proposed procedure is to render the generated scribbles onto the image.

At this stage, each scribble is defined by a sequence of points describing its trajectory. In order

to obtain a discrete annotation mask, line segments are drawn between consecutive points

using the Bresenham algorithm [47]. This choice is motivated by the fact that the algorithm is

computationally efficient, operates directly on the discrete image grid, and produces consistent

pixel-level line renderings. The resulting rasterized scribbles can then be used in the subsequent

computation of the distance maps.

3.3.5. Evaluation of the scribble generation strategy
After evaluating several alternative strategies for synthetic scribble generation, the final method

adopted in this work combines three key components: region ranking, contour simplification,

and sinusoidal perturbation. This combination was selected because it satisfies the design

requirements formulated for the scribbles while remaining transparent, controllable, and

straightforward to implement. To recap, the requirements we had for the scribbles were as

follows:

– The scribbles should focus on the largest erroneous regions.
This is achieved through the ranking of erroneous regions, which prioritizes locations

with the greatest local disagreement between the base segmentation and the ground

truth.

– The scribbles should resemble freeform annotation lines.
This is achieved by simplifying and smoothing the contour before scribble construction,

and by applying smooth sinusoidal perturbations instead of sharp or discontinuous

deformations.

– The scribbles should variation in shape, placement, and extent.
This is achieved through the perturbation stage and the randomized offsets used during

scribble construction, which introduce variation while keeping the annotation anatomi-

cally meaningful.
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– The scribbles should operate primarily on individual slices rather than the full volume.
This requirement is satisfied by design, since the proposed pipeline generates and applies

scribbles on individual two-dimensional slices rather than on the three-dimensional

volume as a whole.

For these reasons, the final method represents a practical compromise between realism,

controllability, and methodological consistency. Examples of scribbles generated with this

approach are shown in Figure 3.12.

Figure 3.12: Examples of scribbles generated using the final method.
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3.4. Encoding User Annotations

In order to incorporate the knowledge of the user into the refinement step we need to

convert the user annotations into a format that the refinement model can use. Similar to

previous works we will encode the user annotations as an additional channel to be appended

to the input to the neural network. In our case this can be encoded in the form of a pair of

distance maps, each corresponding to a different class for the binary classification task, i.e.

a distance map for the foreground class and a similar map for the background class. This

notion of a distance map is inspired by the work of [DeepIGeos], which uses a distance map

to encode the user annotations. The intuitive idea behind a distance map is that we calculate

the distance of each voxel in the image to the closest user annotation. This distance is then

encoded as a value in the distance map.

Distance Maps To calculate a distance map 𝑀, we can create a simple equation that calculates

the distance of each voxel in 𝑋 to the closest user annotation in 𝐴, given a distance function

𝐷(𝑎, 𝑏), which returns the distance from voxel 𝑎 to 𝑏. In the 3D medical imaging case, this will

result in a 3-dimensional matrix of the same size as the input volume. The distance map can be

constructed by applying this formula to each voxel in the image:

𝑀𝑖 = 1 − (min

𝑎∈𝐴
𝐷(𝑋𝑖 , 𝑎))/ max

𝑎∈𝐴,𝑥∈𝑋
𝐷(𝑥, 𝑎) (3.8)

This results in an inverse normalized distance value per voxel, which returns a value of 1 for the

voxels closest to the user annotation and 0 for the voxels furthest away from the user annotation.

The basic idea of the distance map is quite straightforward, but careful consideration should be

taken when deciding on which distance function to use.

Context-agnostic Distance Functions All distance functions are quite similar in concept,

however the methods they use can be classified in two main categories. Context aware and

context agnostic. Context aware methods take into account the content of the image, leveraging

important context cues like borders between tissues and voxel values. Context agnostic methods

only use the spatial information of the voxels to calculate a distance. An example of this can be

seen with the truncated euclidean distance function, which computes the euclidean distance

from every voxel to the nearest annotation but truncates the result by some threshold 𝑘. This

creates a distance that is context agnostic, as it only considers the positions of the pixels, not at

the values of the voxels. In this example 𝑎 and 𝑏 are the positions of the pixels, while 𝑘 is the
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threshold.

𝐷𝑘
𝐸𝑈𝐶(𝑎, 𝑏) = min(

√
(𝑎 − 𝑏)2 , 𝑘) (3.9)

Context-aware Distance Functions In contrast to the context agnostic distance functions,

context aware distance functions take into account the context of the image. An example of

this is the geodesic distance function shown in the equation below. This function is context

aware, as it takes into account the values of the voxels (taken from the CT volume 𝑋) and not

just their positions. A more in depth explanation of this function is discussed later.

𝑃𝑎,𝑏 = All possible paths between 𝑎 and 𝑏

𝐷𝐺𝐸𝑂(𝑎, 𝑏) = min

𝑝∈𝑃𝑎,𝑏

∑
𝑎′,𝑏′∈𝑝

𝑎𝑏𝑠(𝑋𝑎′ − 𝑋𝑏′) + 𝜖 (3.10)

Whether a context-aware or context-agnostic distance function is "better" is a matter of

debate. In the case of our dataset we empirically evaluated several distance functions in which

context-agnostic functions seemed to suit it better. We hypothesize that this might be related to

the characteristics of our dataset work i favor of the context-aware distance maps, which we

will expand upon later.

3.5. Choosing a Distance Function
Based on our empirical evaluation, we ultimately chose the Gaussian distance as the distance

function for the refinement model. We selected this option because it provided the best balance

between propagating the user annotation to nearby relevant voxels and limiting undesired

information spill into surrounding regions. In particular, compared to the other candidate

functions, it offered a smooth and spatially localized encoding without the computational

overhead and parameter sensitivity of context-aware alternatives such as the geodesic distance.

In the remainder of this section, we discuss the other distance functions that were considered,

together with their advantages and disadvantages, and explain why they were not selected as

the final encoding strategy. We investigated the following distance functions:

• Truncated Euclidean Distance

• Geodesic Distance

• Intensity Distance

• Gaussian Distance

Truncated Euclidean Distance
The truncated euclidean distance is a simple distance function that is easy to implement. This

is the distance function used by [21] and is the distance map we started out using in our

first exploratory experiments. The main advantage of this formulation is its simplicity: it is

computationally cheap, easy to implement, and has been shown to work well in prior interactive

segmentation methods. For this reason, it served as a strong baseline in our experiments.

However, we did not choose it as the final distance function. While it provides a reasonable

spatial prior, its linear decay and hard truncation at distance 𝑘 make the propagated signal

relatively abrupt. In practice, we found that this gave a less natural transition of annotation

influence than the Gaussian alternative, which provided a smoother decay and better control

over local information propagation.

𝐷𝑘
𝐸𝑈𝐶(𝑎, 𝑏) = min(

√
(𝑎 − 𝑏)2 , 𝑘) (3.11)
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Geodesic Distance
This is a distance function that, as the name suggests, treats the problem geometrically. Instead

of computing the straight-line distance between two points, it represents the data as a space

or surface and determines the shortest path between the points while remaining on the data

manifold. To provide an easier understanding we will provide an explanation of this distance

function in 2 dimensions, but it can be expanded to any n-dimensions. We can imagine how

this function works by representing a 2D slice of a CT volume as part of a world map, where

the intensities of the pixels are the height of the terrain. Then we can calculate the shortest

path between two points on this map, where going up and down hills takes more time than

finding a straight path. The distance between two points on this map in the 𝑥 and 𝑦 directions

will be of the same unit, however calculating the height of the points requires careful tuning

using a weight factor 𝛼. Setting this setting too low will result in slight bumps which will not

influence the distance in any meaningful way, but setting it too high would cause a slightly

textured surface to not get adequately filled in.

Calculating the geodesic distance can be done by creating a graph that represents the

image, where each pixel is a node and the edges between the nodes are weighted by differences

between the values of the pixels and some value 𝜖. The geodesic distance is then calculated by

using the Dĳkstra shortest path algorithm on this graph and computing the distance on this

path. The epsilon value is used, because moving of two pixels with the same value should still

have a cost, as it is still a movement. This does require some fine tuning, as the value of 𝜖 and

𝛼 can have a large impact on the distance map. In this example, 𝑎 and 𝑏 are the positions of the

voxels, while 𝑋 is set of voxel values.

𝑃𝑎,𝑏 = All possible paths between 𝑎 and 𝑏

𝐷𝜖,𝛼
𝐺𝐸𝑂

(𝑎, 𝑏) = min

𝑝∈𝑃𝑎,𝑏

∑
𝑎′,𝑏′∈𝑝

𝛼 ∗ 𝑎𝑏𝑠(𝑋𝑎′ − 𝑋𝑏′) + 𝜖 (3.12)

This is the distance map used by [19], which they chose not to use in the next iteration of their

paper [21] in favor of the truncated euclidean distance. This is because they found that the

geodesic distance map was too slow and they deemed the results of the truncated euclidean

distance map to be better suited for this problem.

Challenges with the Geodesic Distance Map The geodesic distance function aims to address

a fundamental issue with using distance maps for propagating information, such as user

annotations, to nearby voxels. The primary goal of distance maps is to extend this information

effectively. However, without proper context, information indicating that a voxel belongs

to the foreground might inadvertently spread to neighboring voxels that shouldn’t receive

it. An illustrative example is shown in Figure 3.13, where the information spills over to all

adjacent voxels, including those that do not benefit or even receive incorrect data. This can lead

to erroneous inclusions of voxels across the segmentation boundary during the refinement

process. One might attempt to mitigate this issue by reducing the information spread, but

this also limits the dissemination of valuable information to potentially beneficial voxels. The

geodesic distance function tries to tackle this by penalizing the crossing of intensity gradients,

aiming to confine information flow within the segmentation while minimizing annotation

spillover.

However, geodesic distance maps have their own drawbacks, particularly when dealing

with noisy input data. Analogous to geographical maps where substantial differences in voxel

values, akin to mountain ranges, effectively reduce annotation spill, noise can disrupt these

barriers. Noise introduces variations that create "tunnels," thereby allowing the distance map

to extend further, making more of the image accessible. This effect is demonstrated in the
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Figure 3.13: Information spilling towards neighbouring pixels

following image, where added noise causes the distance map to spread. Some efforts to mitigate

this, such as image blurring, have been explored, but they provided no significant advantage

for our dataset. Given the prevalent noise in CT scans, we concluded that the geodesic distance

map may not be particularly effective for our data.

Figure 3.14: Geodesic distance map with noise. From Roberts et al. [30]

Intensity Distance
Another distance function that is context-aware is the intensity distance. This distance function

simply looks at the differences between voxel values without taking into account the position of

the voxels. This approach is appealing because it is simple, context-aware, and does not require

the tuning of an explicit spatial scale parameter. Nevertheless, we did not choose it as the final

encoding. Its main limitation is that it ignores spatial proximity, which is crucial in interactive

refinement. As a result, voxels that are anatomically far apart but have similar intensities may

be treated as equally relevant to the annotation. An example within our domain would be the

left and right parotid glands. Using this distance function and a randomly sampled point in

the left parotid gland, we see that the distances in the left and right parotid glands to this point

are similar, even though they are on opposite sides of the CT scan.

𝐷𝐼𝑁𝑇(𝑎, 𝑏) = 𝑎𝑏𝑠(𝑋𝑎 − 𝑋𝑏) (3.13)

Gaussian Distance
This is the final context-agnostic distance function we explored. This distance function is

similar to the truncated Euclidean distance map, but instead of using a linear decay, it uses a
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Gaussian decay. This method still requires a parameter 𝜎 to be set, which we empirically set to 2

after trial and error. This is because of the information spill principle mentioned previously. A

larger 𝜎 will cause the distance map to spread out more, which is not desirable. A smaller 𝜎 will

cause the distance map to be more constrained but may not be able to propagate information

to far away voxels. We found that a 𝜎 of 2 was a good balance between these two.

𝐷𝜎
𝐺𝐴𝑈𝑆𝑆(𝑎, 𝑏) = 𝑒𝑥𝑝(−(𝑎 − 𝑏)2

2𝜎2

) (3.14)

Figure 3.15: Comparison of the different distance functions creating different distance maps.

Overall, our comparison suggests that, for this dataset, a simple context-agnostic distance

function is preferable to more elaborate context-aware alternatives. Although context-aware

methods are attractive in theory because they can incorporate image structure, in our exper-

iments their benefits were outweighed by their sensitivity to noise and parameter settings.

The Gaussian distance offered the best trade-off between simplicity, robustness, and effective

propagation of the user annotations, and was therefore used in the final refinement pipeline.
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3.6. Input manipulation

In addition to encoding the user annotations as distance maps, we apply a direct ma-

nipulation to the base segmentation before passing it to the refinement model. We chose to

include this step because the user annotations are assumed to be correct during both training

and evaluation: every voxel marked by a foreground scribble is treated as belonging to the

foreground class, and every voxel marked by a background scribble is treated as belonging to

the background class. Under this assumption, it is undesirable for the refinement network to

receive an input segmentation that already contradicts information explicitly provided by the

user. Therefore, we modify the base segmentation so that it is consistent with the annotations

from the user.

The transformation is intentionally simple and is defined in Equation 3.15. Foreground

scribbles are enforced by adding them to the predicted foreground region, while background

scribbles are enforced by removing them from it. This produces a manipulated segmentation

that satisfies the hard annotation constraints before refinement begins.

seg𝑏𝑎𝑠𝑒 = scribble 𝑓 𝑔 = scribble𝑏𝑔 =

seg𝑚𝑎𝑛𝑖𝑝 = (seg𝑏𝑎𝑠𝑒 ∨ scribble 𝑓 𝑔) ∧ ¬scribble𝑏𝑔

(3.15)

We chose this formulation for several reasons. First, it directly encodes the strongest supervision

signal available in the interactive setting: if the user explicitly marks a voxel as foreground or

background, the system should respect that decision. Second, the operation is deterministic

and transparent, making its behavior easy to interpret and verify. Third, it introduces no

additional trainable parameters and almost no computational overhead, yet it provides a

meaningful improvement in refinement performance. In that sense, this manipulation is a

pragmatic design choice: rather than asking the network to infer an obvious correction rule

indirectly from the data, we explicitly enforce the rule in the input.
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3.7. Neural Networks (RefNet)

The refinement network has a fundamentally different role from the base segmentation

network. Whereas the BaseNet is responsible for producing a strong initial segmentation

from the CT volume alone, the RefNet is intended to make targeted corrections based on user

feedback. Because of this difference in purpose, we do not simply reuse the same architecture

and training strategy as the BaseNet. Instead, we make several design choices that prioritize

fast inference, responsiveness to user annotations, and efficient local correction of segmentation

errors.

Architecture
For the refinement model in our proposed method, we chose to use a shallow 3D U-Net

rather than the larger and more accurate FocusNet used in the BaseNet. This choice was

made primarily to prioritize speed. In an interactive refinement setting, rapid feedback is

essential: after placing annotations, the user should be able to see the effect of their interaction

quickly. A slower model would negatively affect the usability of the system, even if it were to

provide slightly better segmentation quality. Therefore, we deliberately favored a lightweight

architecture that can produce fast updates during the refinement process.

A second reason for this choice is that the refinement task is inherently more local than the

base segmentation task. The BaseNet must infer the full structure of the target anatomy directly

from the image, which requires a large receptive field and a more expressive model. In contrast,

the RefNet starts from an existing segmentation and only needs to correct regions indicated

by the user annotations. Since the user scribbles already localize the regions of interest, the

model does not need to rediscover the full global anatomy from scratch. As a result, a smaller

receptive field is acceptable for the refinement stage, and the reduced depth of the 3D U-Net

becomes a reasonable trade-off between speed and representational capacity.

We therefore chose a shallow 3D U-Net because it matches the role of the refinement stage

well: it is computationally efficient, sufficiently expressive for local corrections, and better

suited to interactive use than a heavier architecture such as FocusNet. In other words, this

design reflects the principle that the refinement model should complement the BaseNet rather

than duplicate it.

Inference Contrary to the base model, the refinement model takes multiple inputs: the 3D

CT volume, the 3D segmentation predicted by the BaseNet, and the user annotations encoded

as distance maps. The model then outputs a refined segmentation of the image.



3.7. Neural Networks (RefNet) 30

We chose these inputs because each provides a different type of information that is necessary

for the refinement task. The CT volume provides the underlying anatomical and intensity

context, which allows the model to interpret tissue boundaries and local image structure.

The base segmentation provides the current estimate of the target structure and serves as the

starting point for refinement. Finally, the distance maps communicate the location and intent

of the user annotations, indicating where corrections are needed and whether those corrections

should favor foreground or background. By combining these inputs, the model can refine the

existing segmentation in a targeted manner rather than recomputing the segmentation from

scratch.

Loss Function
Rather than using the same training strategy as the BaseNet, we use a loss function that focuses

more strongly on regions near the user annotations. We made this choice because the goal

of the RefNet is not to relearn the entire segmentation problem, but to correct mistakes in

response to user feedback. If we were to use the same loss function as the BaseNet with uniform

emphasis over the whole volume, the optimization objective would encourage the network to

improve overall segmentation quality in a broad sense, instead of specifically learning how to

focus mainly on the annotated errors which is the intended purpose of the refinement stage.

To address this, we use a weighted binary cross-entropy loss in which voxels close to the user

annotations receive a higher weight. This encourages the model to focus its learning on the

regions where the user has explicitly indicated that refinement is needed. Since the distance

maps already encode how close each voxel is to the foreground and background scribbles, they

provide a natural and computationally convenient way to construct such a weight map. We

therefore reuse this information directly rather than introducing an additional handcrafted

weighting mechanism.

As a regularization term, we assign a small weight of 0.1 to the rest of the image so that

the network does not completely ignore non-annotated regions. This is an important choice:

while the primary objective is to improve the annotated area, the refinement should still remain

globally consistent with the anatomy and should not introduce new errors elsewhere in the

volume. The small baseline weight ensures that the model retains some awareness of the full

image, while still concentrating most of its learning capacity on the relevant local corrections.

The specific value of 0.1 was empirically chosen.

This loss is called the weighted binary cross-entropy loss and is shown in Equation 3.16,

where 𝑦 is the ground truth and 𝑦̂ is the prediction of the RefNet. We also include the distance

maps as 𝑑 𝑓 𝑔
for the foreground distance map and 𝑑𝑏𝑔 for the background distance map.

𝑑 𝑓 𝑔 = 𝑑𝑏𝑔 =

𝑤𝑖 = 𝑑
𝑓 𝑔

𝑖
+ 𝑑

𝑏𝑔

𝑖
+ 0.1

WBCE(𝑦, 𝑦̂) = − 1

𝑁

𝑁∑
𝑖=1

𝑤𝑖(𝑦𝑖 log(𝑦̂𝑖) + (1 − 𝑦𝑖) log(1 − 𝑦̂𝑖))

(3.16)
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Evaluation

4.1. BaseLine
As a baseline against which to compare our proposed method, we implemented two additional

strategies. The first is a simple simulated annotator strategy, similar to DeepIGeoS and DeepIGeoS-

V2, in which misclassified regions are identified and points are sampled randomly from those

regions. We chose this baseline because it reflects a commonly used setup in prior work and

therefore provides a meaningful reference point for evaluating our method.

The second is a balanced simulated annotator strategy, in which the number of annotated voxels

is kept equal for both the point-based and scribble-based methods. We included this baseline

to make the comparison between these interaction types fairer, since otherwise scribbles may

have an inherent advantage by covering more voxels. This allows us to distinguish the effect of

annotation type from the effect of annotation quantity.

Simple Simulated Annotator
Like the annotator in DeepIGeoS and DeepIGeoS-V2, we calculate the misclassified regions

and randomly sample points from those regions. Similar to their work we limit the amount of

points to sample by looking at the amount of misclassified pixels. For a slice in the dataset, we

calculate the amount of misclassified pixels as follows:

M =

𝑋∑
𝑖=1

���𝑦𝑔𝑡

𝑖
⊕ 𝑦

𝑝𝑟𝑒𝑑

𝑖

���
𝑛points =

{
0 if 𝑀 < 30

⌈𝑀/100⌉ otherwise

(4.1)

Due to the resampling, cropping and differing sizes of our datasets compared to the ones

used in DeepIGeoS and DeepIGeoS-V2, we found that the parameter in the second line of

the equation needed to be adjusted such that a visually sufficient amount of points would be

placed. By trial and error we ended on the value of 30.

Balanced simulated annotator
During training, the simulated annotators used to provide user interactions are varying in the

amount of annotated pixels they provide. This means that usually the scribble based methods

will have a higher amount of annotated pixels than the point based methods. To counter any

bias that might be introduced to the models by the difference in information provided during

31



4.1. BaseLine 32

training, we also introduce a Balanced simulated annotator that provides an equal amount of

annotated voxels as our scribble based annotator.

Unfortunately using the default point generation strategy will often result in there not being

enough misclassified pixels in a slice to generate the required amount of points. Therefore

we allow the annotator to also generate points inside the correctly classified regions, putting

foreground annotations in the foreground region and vice versa. This results in a point based

annotator that has the same amount of annotated pixels as the scribble based annotator, thus

providing both models with the same amount of information (by the metric of annotated

voxels) during training.

An example of the three simulated user interaction strategies is shown in figure 4.1. The

first image shows our approach, the second image shows point based annotations with a similar

amount of annotated pixels as the scribble based annotations and the third image shows the

simple point based annotations as used in previous work.

Figure 4.1: Example of the three simulated user interaction strategies. The first image shows our approach, the

second image shows point based annotations with a similar amount of annotated pixels as the scribble based

annotations and the third image shows the simple point based annotations as used in previous work.
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4.2. Test Set

Figure 4.2: Screenshot of the application used

to annotate the test set. Green represents an

undersegmentation, red an oversegmentation

and orange a correct segmentation. The fore

and background scribbles are shown in yelow

and blue respectively.

To evaluate and compare the performance of the point-

based and scribble-based annotation methods, we re-

quire a test set that contains not only the CT images and

ground-truth segmentations, but also the correspond-

ing base segmentations and user interactions that are

expected to improve the refinement result.

Unfortunately, the MICCAI HaN test set does not

include such point or scribble annotations. As a re-

sult, it cannot directly be used to evaluate how different

forms of user interaction affect refinement performance.

We therefore chose to construct our own annotated test

set. This decision was necessary to enable a controlled

and meaningful comparison between the different re-

finement methods, since without user annotations it

would not be possible to measure how effectively each

method incorporates corrective feedback.

Test Set Creation
The MICCAI HaN test dataset, which contains 10 im-

ages, offers a limited sample size for robust evaluation.

To increase the number of test samples and thereby

achieve more accurate and reliable results, we employ

a strategy that doubles the dataset size by considering

both parotid glands for each patient. This doubles the

initial test set to 20 samples with corresponding ground truth and base segmentations.

To supply the annotations to the test set for the purposes of interactive refinement, we

developed a custom annotation application. This tool streamlines the annotation process,

allowing for quick and efficient annotation of the entire dataset. Figure 4.2 shows a screenshot

of the application interface, where users can navigate through selected slices and annotate both

foreground and background regions using scribbles.

The selection of slices for annotation was performed systematically. Slices were ranked

based on the total number of misclassified voxels in them. The five slices with the highest

number of misclassified voxels were selected as candidates for manual annotation by the user.

This careful selection process ensures that the slices that are most in need of refinement are

prioritized for annotation.

Each annotator contributed annotations for 5 slices per sample, resulting in 100 human-

annotated slices in total per annotator. For consistency and reliability, we ultimately used

annotations from three annotators, which yielded a final test set comprising 300 user annotations

across 20 CT volumes.

Figure 4.3 showcases some annotated samples from the test set, illustrating the variety of

the annotations.

4.3. Metrics
In this section, we outline the evaluation metrics employed to assess the performance of our

segmentation refinement task. We utilize two widely recognized metrics: the Dice coefficient

and the Hausdorff distance. Each metric offers unique insights into different aspects of

segmentation quality.
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Figure 4.3: Human annotated samples from the test set.

Dice Coefficient
The Dice coefficient quantifies the overlap between the predicted segmentation and the ground

truth segmentation. Mathematically, it is defined as:

Dice =
2 × |TP|

2 × |TP| + |FP| + |FN|
where TP represents the number of true positive pixels (correctly identified pixels belonging

to the structure of interest), FP denotes the false positive pixels (incorrect pixels identified as

belonging to the structure of interest), and FN is the false negative pixels (missed pixels that

belong to the structure of interest). The Dice coefficient ranges from 0 (no overlap) to 1 (perfect

overlap), with higher values indicating better segmentation performance.

Hausdorff Distance
The Hausdorff distance measures the extent of maximum deviation between the predicted

segmentation and the ground truth segmentation. We have used this in metric as well in our

approach to quantify the missegmentation of regions. It quantifies the largest distance from

any point in one segmentation to the nearest point in the other segmentation, and is defined as:

Hausdorff(𝐴, 𝐵) = max{sup

𝑎∈𝐴
inf

𝑏∈𝐵
𝑑(𝑎, 𝑏), sup

𝑏∈𝐵
inf

𝑎∈𝐴
𝑑(𝑎, 𝑏)}

where 𝑑(𝑎, 𝑏) is the Euclidean distance between points 𝑎 and 𝑏, with 𝐴 and 𝐵 representing

the sets of points in the predicted and ground truth segmentations, respectively.

Complementary Insights
Both the Dice coefficient and the Hausdorff distance are crucial metrics in the realm of medical

image segmentation tasks, offering complementary insights into the algorithm’s performance.

The Dice coefficient provides a holistic measure of overlap between the predicted and ground

truth segmentations, reflecting the overall accuracy. On the other hand, the Hausdorff distance

highlights the maximum deviation, giving a sense of boundary precision and the worst-case

errors.

4.4. Evaluation Strategies
In segmentation refinement tasks, evaluating the performance of refinement techniques requires

robust and informative metrics. To this end, we use standard segmentation metrics, namely

the Dice coefficient and the Hausdorff distance. However, these metrics alone may not fully

capture the effectiveness of refinement, especially in localized regions of interest.

The Hausdorff distance measures the largest of the minimal distances between two point

sets, but in this context it can be misleading. Refinement may alter regions that do not

determine the overall maximum distance, meaning that meaningful local improvements can

remain undetected when relying only on global metrics. This limitation motivates the use of

additional evaluation strategies that explicitly target the regions affected by refinement.
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To address this, we define three evaluation strategies:

• Global Evaluation: In this strategy, the Hausdorff distance and Dice coefficient are

computed over the entire segmentation volume. Although this provides an overall

assessment of segmentation quality, localized improvements introduced by refinement

may be obscured.

• Local Evaluation: For a more focused analysis, the Hausdorff distance and Dice coefficient

are computed on and around the slices where refinement is applied. This localized

strategy ensures that the metrics better reflect changes in the targeted regions.

• Hyperlocal Evaluation: Going one step further, this strategy evaluates the metrics

within a small neighborhood around the refined area. By restricting the analysis to a

micro-region, it becomes possible to detect subtle improvements that may be diluted in

broader evaluations.

The distinction between local and hyperlocal evaluation was chosen to reflect different

perspectives on refinement quality. Local evaluation considers the slice as a whole, which is

more consistent with how clinicians visually assess segmentation quality in practice. Hyperlocal

evaluation instead focuses on the immediate surroundings of the refined region, allowing for a

more precise assessment of the direct effect of the refinement itself.

Figure 4.4 shows a schematic overview of these evaluation strategies and the regions considered

in each case.

Figure 4.4: Illustration of the different evaluation strategies. Red indicates the annotated slice, while the volume in

white represents the voxels included in the metric calculation.

4.5. Experimental Setup
This section describes the experimental setup used to train and evaluate the refinement models.

The experiments are designed to test the central hypothesis of this thesis: that reducing the

mismatch between training-time and deployment-time annotations leads to more effective

interactive refinement. To isolate the effect of annotation type as clearly as possible, all

compared models are trained and evaluated under the same protocol, differing only in the way

the corrective annotations are generated.

All experiments are conducted on the MICCAI Head and Neck (HaN) dataset introduced

in Section 3.1. The provided training set is used for model training, while evaluation is

performed on the designated test set. In addition, all models use the same preprocessing and

data augmentation pipeline described earlier, so that differences in performance cannot be

attributed to differences in input preparation.

Training Configuration
Unless stated otherwise, all refinement models are trained for 300 epochs with a batch size of 5.

Optimization is performed with Adam, using a learning rate of 0.001 and a weight decay of
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0.001. These settings are kept fixed across all experiments. This choice ensures a controlled

comparison between models and avoids introducing unnecessary variation through different

optimization schedules or hyperparameter tuning.

The compared models differ only in the form of the simulated interaction used during

training. More specifically, we compare a point-based strategy, a balanced point-based

strategy, and the proposed scribble-based strategy. By keeping all other components fixed, any

differences in performance can be interpreted as the effect of the annotation geometry and its

correspondence to realistic deployment-time interactions.

Evaluation Consistency
The same evaluation protocol is applied to all trained models. Performance is assessed using

the Dice coefficient and Hausdorff distance under the three evaluation strategies introduced in

the previous section: global, local, and hyperlocal evaluation. Using this shared evaluation

framework makes it possible to distinguish between overall segmentation quality, slice-level

improvement, and improvement in the immediate neighborhood of the refinement itself.

Overall, this setup provides a controlled and fair comparison between annotation strategies.

Because the preprocessing, architecture, optimization, loss formulation, and evaluation

procedure are all held constant, the experimental results can be attributed as directly as

possible to the variable of interest: the form of the user annotation used during training.



5
Results

This chapter presents the results of the experimental comparison between the three refinement

strategies introduced in the previous chapters: Scribbles, Points, and Balanced Points. The

results are presented in two parts. First, we report the quantitative performance of the

models using the Dice score and Hausdorff distance under the global, local, and hyperlocal

evaluation strategies defined in Chapter 4. These metric-based results provide an overall

view of segmentation quality as well as a more targeted view of refinement quality near the

annotated regions. It is important to note that we are not comparing the performance of the

models against the BaseNet but are comparing the results amongst eachother.

Second, we present qualitative visual results. These examples are included to illustrate

how the different models respond to user corrections in practice, how well the refinements

propagate to neighbouring slices, and which types of artefacts or failure modes remain visible

after refinement. Together, the quantitative and visual results provide a more complete picture

of the behaviour of the proposed method.

5.1. Dice Score
Figure 5.1 shows the Dice scores of the three refinement strategies compared in this thesis: the

proposed Scribbles method, the Points method based on DeepIGeoS(-V2), and the Balanced
Points method introduced earlier.

The main trend visible in Figure 5.1 is that Scribbles achieves the highest Dice score across

all three evaluation settings. However, the improvement is small. In other words, the proposed

scribble-based training strategy has a consistent positive effect on Dice score, but its advantage

over Balanced Points is limited. This is confirmed by Table 5.1: Scribbles has the highest

median Dice score in the global, local, and hyperlocal evaluations, yet it is only significantly

better than Balanced Points in the local evaluation. Compared to Points, Scribbles performs

significantly better in all three evaluation settings.

This pattern is informative. The strongest advantage of Scribbles appears in the local

evaluation, which is consistent with the central hypothesis of this thesis: reducing annotation-

shift should primarily improve refinement quality in and around the region where the user

interacts. At the same time, the relatively small gap between Scribbles and Balanced Points
suggests that, for Dice score, the amount of corrective information presented during training

may have the biggest impact on accuracy rather than the annotation geometry.

To assess whether these differences are statistically meaningful, we use the Wilcoxon

signed-rank test. This test is appropriate because the comparisons are paired: each method is

evaluated on the same test samples, so the question of interest is whether the per-sample Dice

37
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Figure 5.1: Dice score for the three methods that are being compared in this paper.

Table 5.1: Median Dice scores for all methods, together with pairwise Wilcoxon signed-rank test p-values between

the refinement methods. Higher Dice is better. Significant p-values (𝑝 < 0.05) are shown in bold.

Median Dice Pairwise p-values

Evaluation BaseNet Points Balanced Points Scribbles S vs BP S vs P BP vs P

Global 0.889 0.892 0.887 0.893 0.146 2.5e-6 0.019
Local 0.782 0.806 0.824 0.827 0.012 7.2e-4 0.367

Hyperlocal 0.869 0.882 0.891 0.897 0.488 5.9e-6 1.5e-5

differences between two methods are consistently positive or negative. For the same reason,

Table 5.1 reports the median Dice score rather than focusing on the mean.

Looking more closely at the pairwise comparisons, Scribbles is not significantly better

than Balanced Points in the global (𝑝 = 0.146) or hyperlocal (𝑝 = 0.488) evaluations, but it

is significantly better in the local evaluation (𝑝 = 0.012). In contrast, Scribbles significantly

outperforms Points in the global, local, and hyperlocal settings. Balanced Points also performs

significantly better than Points in the global and hyperlocal evaluations, but not in the local

evaluation.

Overall, the Dice results indicate that scribble-based training provides a small but consistent

improvement, with the clearest benefit appearing at the local slice level. This supports the idea

that matching training-time interactions more closely to deployment-time scribbles improves

refinement quality, although the results also suggest that annotation density and information

content remain important factors. There may therefore be a trade-off between annotation

geometry and annotation richness, which would be an interesting direction for future work.

5.2. Hausdorff Distance
The second metric used to evaluate the three refinement strategies is the Hausdorff distance.

In contrast to the Dice score, lower values are better. Figure 5.2 shows the Hausdorff distances

for the proposed Scribbles method, the Points method based on DeepIGeoS(-V2), and the

Balanced Points method introduced earlier.

The main trend in Figure 5.2 is that both Scribbles and Balanced Points tend to achieve
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Figure 5.2: Hausdorff distances for the three methods that are being compared in this paper. Lower is better.

lower Hausdorff distances than Points, indicating that both methods reduce extreme boundary

errors more effectively. However, unlike in the Dice analysis, the difference between Scribbles
and Balanced Points is very small. In fact, Table 5.2 shows that Scribbles is not significantly

better than Balanced Points in any of the three evaluation settings. Compared to Points, both

Scribbles and Balanced Points achieve significantly lower Hausdorff distances in the global

and hyperlocal evaluations, but not in the local evaluation.

Table 5.2: Median Hausdorff distances for all methods, together with pairwise Wilcoxon signed-rank test p-values

between the refinement methods. Lower Hausdorff distance is better. Significant p-values (𝑝 < 0.05) are shown in

bold.

Median Hausdorff Distance Pairwise p-values

Evaluation BaseNet Points Balanced Points Scribbles S vs BP S vs P BP vs P

Global 6.164 6.481 6.403 6.403 0.947 5.5e-5 1.7e-5
Local 2.828 2.449 2.449 2.236 0.959 0.098 0.081

Hyperlocal 3.606 3.606 3.162 3.162 0.635 4.8e-5 2.5e-5

Overall, the Hausdorff results support the same general conclusion as the Dice analysis,

but in a more conservative way. The proposed scribble-based strategy improves performance

relative to the original point-based approach, especially when evaluating extreme errors

globally and in the immediate neighbourhood of the refinement. However, it does not show a

clear advantage over Balanced Points. This suggests that for Hausdorff distance the results

again indicate that the amount of corrective information provided during training are more

important factors in determining refinement quality.
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5.3. Visual Results
Interpretation of visual results
Since the visual results contain a lot of different aspects:

• Foreground scribble

• Background scribble

• Base segmentation

• Refined segmentation

• Ground truth

I have added a guide in figure 5.3 to aid in comparing results of a user interaction along

multiple slices with multiple models trained with different annotator strategies. In addition

there will be annotations added to highlight important features.

Figure 5.3: How to interpret the visual results
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Samples
Addition
Figure 5.4 shows an example in which the user provides a scribble to add a missing protrusion

to the segmentation. The most important observation is that the refinement does not only

correct the annotated slice itself, but also propagates this correction to neighbouring slices. The

example therefore illustrates that the refinement model is capable of incorporating local slice

based information and extending it in a spatially meaningful way, rather than only copying the

annotation literally into the segmentation. At the same time, the effect remains focused around

the annotated region, which is consistent with the intended role of interactive refinement.

Base segmentation Ground truth Refined Segmentation

Foreground scribble Background scribble

annotated protrusion

protrusion added to refined segmentation

propagation to neighbouring slices

Figure 5.4: A scribble providing information to add a region to the segmentation.
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Removal
Figure 5.5 shows the opposite situation, where the user interaction is intended to remove an

incorrectly segmented region. In this case, the visual result demonstrates that the refinement

model is also able to use background information to suppress parts of the segmentation that

should not be present. This is an important complement to the addition example, because

an interactive refinement method must be able to handle both types of correction: adding

missing structure and removing false positives. The figure suggests that the model can perform

such deletions in a targeted way, while largely preserving the surrounding structure that was

already segmented correctly.

Base segmentation Ground truth Refined Segmentation

Foreground scribble Background scribble

background scribble

trimmed segmentation

Figure 5.5: A scribble providing information to remove a region to the segmentation
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Limits to propagation
Figure 5.6 further shows that large deletion-based corrections may leave behind disconnected

residual components. This suggests that the refinement model can apply the local correction

itself, but is less effective at restoring global shape consistency afterwards. Such artifacts are

qualitatively important, since they reveal a limitation that is not always immediately visible in

the quantitative metrics alone.

Base segmentation Ground truth Refined Segmentation

Foreground scribble Background scribble

Large deletion operation

Residual component

Figure 5.6: A scribble providing information to remove a region causing residual components to be left behind
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Discussion

This thesis set out to study a specific form of train-test mismatch in interactive segmentation

refinement, the mismatch between the point-based interactions commonly used during training

and the scribble-based interactions that are more likely to be provided by human users at

deployment. The results provide partial support for the central hypothesis. Training with

simulated scribbles led to the best overall performance, and it consistently outperformed the

original point-based baseline. At the same time, the gap between Scribbles and Balanced

Points was small, and in several evaluations not statistically significant. The main conclusion is

therefore not that scribbles are universally superior, but that aligning training-time interactions

with deployment-time behavior is beneficial, while the amount of corrective information in the

form of annotated voxels remain at least as important as the interaction geometry.

6.1. Interpretation of the Main Findings
The most important result of this work is that the proposed scribble-based strategy improves

refinement performance relative to the original point-based approach, especially in the Dice-

based analysis and particularly at the local level. This is meaningful, because the local evaluation

is the setting that most directly reflects the intended role of an interactive refinement model, it

is improving the segmentation near the region that the user explicitly corrected based on the

annotated slice. That suggests that reducing annotation-shift helps the network respond more

appropriately to the type of input it will see in practice.

At the same time, the improvement remains small. The goal of this work was not to

maximize raw performance by any means, but to isolate the effect of annotation strategy under

controlled conditions. Because the pre-processing, architecture, optimization, loss formulation,

and evaluation protocol were held constant across experiments, the observed differences can

be interpreted primarily as the effect of the annotation modality used during training. The

fact that Scribbles clearly improves over Points shows that the mismatch between training and

deployment matters. The fact that Scribbles only slightly improves over Balanced Points shows

that the interaction geometry is only part of the story.

A plausible interpretation is that two factors contribute simultaneously to refinement

quality. The first is annotation geometry: scribbles better resemble real human corrections and

therefore reduce the train-test mismatch in the guidance channels. The second is annotation
richness: scribbles usually cover more voxels and provide more spatially structured information

than sparse point prompts. The Balanced Points baseline was introduced specifically to

separate these effects. Since Balanced Points often performs close to Scribbles, the results

suggest that much of the gain may come from exposing the model to a denser and more

44
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informative correction signal during training. However, because equal voxel count does not

imply equal information content, the remaining advantage of Scribbles, especially in the local

Dice evaluation, still indicates that geometry matters.

6.2. Why the Performance Gap Remained Limited
An important reason why the gains from refinement remain relatively small is that this thesis

deliberately starts from a strong initial segmentation. This was a conscious methodological

choice. If the base segmentation is weak, almost any refinement strategy can appear highly

successful simply because there is a large amount of error left to correct. Such a setup would

make it difficult to determine whether the proposed method genuinely improves interactive

refinement or merely benefits from an artificially easy starting point. By using a strong BaseNet,

the evaluation becomes more stringent and more clinically realistic: the refinement model

is tested on the harder problem of making targeted corrections to an already reasonable

segmentation.

This choice, however, also reduces the available room for improvement. Once the base

segmentation is already close to the ground truth, global metrics such as Dice and Hausdorff

naturally become less sensitive to local corrections. This is exactly why the distinction between

global, local, and hyperlocal evaluation is important. A method designed for interactive

correction should not be judged only by how much it changes the whole volume, but also

by how well it improves the specific region that the user marked. The stronger local gains

therefore support the relevance of the proposed method even when the global gains are limited.

Because refinement is designed to make a targeted local correction rather than re-segment

the entire organ, large global gains should not necessarily be expected from a single user

interaction. In our test setting, only one annotation task is provided per case, so the realistic

effect of refinement is mainly near the annotated region. For that reason, local and hyperlocal

evaluation are particularly important: they measure the model where the user actually

intervenes and therefore better reflect the intended purpose of interactive refinement. A

very large global improvement after a single local annotation might even be undesirable,

since it could indicate that the model is making broader, less controlled changes beyond the

user-provided correction.

6.3. Justification of the Main Design Choices
6.3.1. Single-organ focus
The decision to focus on the left and right parotid glands was made to isolate the research

question as clearly as possible. The thesis is not primarily about multi-organ segmentation, but

about annotation-shift in interactive refinement. Restricting the task to a single organ type

reduces the number of confounding factors, such as extreme class imbalance between organs,

variation in anatomical scale, and differences in boundary visibility across structures. This

makes it easier to attribute differences in performance to the interaction strategy rather than to

unrelated sources of variation.

At the same time, this choice limits generalizability. A model trained only on parotid

glands may learn a strong organ-specific prior, which could reduce the extent to which it

truly relies on the user input. In other words, part of the refinement behavior may still come

from knowing what a parotid gland ’should’ look like, rather than from correctly interpreting

the annotation itself. This does not invalidate the results, but it does mean that future work

should test whether the same conclusions hold in a multi-organ setting and on structures with

different size, contrast, and shape variability.
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6.3.2. Slice-wise scribble simulation
The scribble simulator was designed to operate on individual slices and to target large

error regions with freeform, perturbed line annotations. This was justified by the intended

deployment setting. In clinical workflows, users commonly inspect and correct volumetric

scans through two-dimensional slice views rather than by drawing directly in 3D. Generating

slice-wise scribbles therefore makes the training signal more representative of realistic user

behavior.

The final scribble-generation strategy was also chosen because it strikes a balance between

realism and controllability. Ranking error regions by their severity ensures that annotations

are placed where they are most useful. Constructing scribbles relative to the ground-truth

contour makes the foreground/background pair anatomically meaningful. The sinusoidal

perturbation introduces variation without destroying the continuity of the line. Together, these

choices make the generated annotations both interpretable and sufficiently diverse for training.

6.3.3. Gaussian distance encoding
The choice of Gaussian distance maps instead of more elaborate context-aware alternatives

such as geodesic distance was also deliberate. In theory, context-aware encodings are attractive

because they can prevent annotation information from leaking across boundaries. In practice,

however, the CT data used in this work contain noise and weak soft-tissue contrast, which

made the geodesic formulation sensitive to parameter settings and less robust than expected.

The Gaussian encoding offered a better compromise: it propagated annotation information

smoothly and locally, while remaining computationally simple and stable. Since the purpose

of the encoding is to provide a reliable refinement signal rather than to solve the segmentation

problem on its own, prioritizing robustness over theoretical sophistication was justified.

6.3.4. Shallow RefNet and explicit input manipulation
The refinement model was intentionally made smaller than the base model. This follows from

the role of the system. BaseNet must infer the full organ from the CT volume alone, whereas

RefNet only needs to make targeted corrections given a current segmentation and explicit user

guidance. A shallow 3D U-Net is therefore a reasonable design choice. This design is also

consistent with the intended workflow of the method, in which the heavy anatomical reasoning

is performed by the BaseNet and the RefNet acts primarily as a correction mechanism rather

than a second full segmentation network.

At the same time, the shallowness of RefNet is also a likely limitation of the proposed

approach. Because the network has a smaller receptive field and lower representational capacity

than a deeper architecture, it may be less able to integrate broader anatomical context across

the volume. In practice, this means that the model is well suited to correcting errors near

the user annotation, but may be less effective when a correction needs to propagate over a

larger spatial extent or when the initial segmentation error reflects a more global structural

mistake. This interpretation is consistent with the results of this thesis, where the improvements

are clearest in the local setting while the visual results show more limited propagation of

corrections. In particular, some deletion-based refinements leave behind disconnected residual

components or anatomically unlikely extensions of the organ. This suggests that the shallow

refinement network is able to respond to the local annotation itself, but is less capable of

enforcing broader shape consistency across the full segmentation. In that sense, the model may

not fully capture that the target organ should remain a coherent and relatively homogeneous

anatomical structure after refinement. A larger or more context-aware refinement network

might be better able to recognize and correct such globally inconsistent shapes, although this

remains a question for future work.



6.4. Limitations and Future Work 47

Similarly, the direct manipulation of the base segmentation using the user annotations was

included because the annotations are assumed to be correct. If a user explicitly marks voxels as

foreground or background, it is unnecessary and undesirable to ask the network to ’discover’

that rule from data. Enforcing the scribbles in the input makes the system more transparent

and ensures that the refinement starts from a segmentation that is already consistent with the

user feedback. A possible downside is that hard corrections may contribute to artifacts such as

disconnected islands, as seen in some visual examples, but this is a reasonable trade-off in an

interactive setting where respecting explicit user input should take priority. More broadly, the

combination of a shallow refinement network and hard input manipulation reflects the overall

philosophy of the method: prioritize responsiveness, transparency, and local correction, even if

this comes at the cost of some global corrective power. Future work could therefore investigate

whether slightly deeper or multi-scale refinement architectures can preserve interactive speed

while improving long-range propagation of corrections, suppressing residual artifacts, and

maintaining global anatomical consistency.

6.4. Limitations and Future Work
The main limitation of this study is that it investigates annotation-shift in a relatively controlled

setting: one dataset, one organ class, one refinement architecture, and one main form of human

interaction. This narrow scope was useful for isolating the variable of interest, but it also means

that the conclusions should not be generalized too broadly. Future work should therefore

evaluate whether the same pattern holds for other organs-at-risk, for multi-organ refinement,

and for datasets with different imaging characteristics.

A second limitation is that the Balanced Points baseline, while useful, is still only an

approximation of equal information content. Matching the number of annotated voxels does

not guarantee that the provided information is equally informative. Scribbles encode continuity,

local direction, and boundary intent in a way that isolated points do not. This means that the

comparison between geometry and annotation density is not yet fully resolved. A natural

next step would be to design stronger point-based baselines that better control for distribution

and structure, or to study hybrid interaction strategies that combine sparse points with short

strokes.

Finally, this work suggests that interactive refinement should not be evaluated using only

global metrics. Because refinement is a local correction task, future studies should continue to

include local and hyperlocal analyses, and perhaps also measure user effort directly. A method

that achieves similar global accuracy with fewer or simpler interactions may ultimately be

more valuable in practice than one that performs slightly better numerically but requires more

complex input.

6.5. Conclusion of the Discussion
Overall, the results of this thesis support a nuanced conclusion. Reducing annotation-shift by

training with simulated scribbles improves interactive refinement, particularly when compared

with the original point-based baseline and particularly near the region of interaction. However,

the small gap between Scribbles and Balanced Points shows that annotation geometry is not

the only important factor; annotation richness and spatial coverage also play a major role. The

contribution of this work is therefore twofold: it demonstrates that the mismatch between

training-time and deployment-time annotations matters, and it shows that a fair evaluation of

interactive refinement must distinguish between the form of the annotation and the amount of

corrective information it conveys.
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Conclusion

7.1. Main Outcome
In this thesis, we investigated annotation-shift in interactive segmentation refinement for

head-and-neck radiotherapy planning. More specifically, we studied the mismatch between the

point-based interactions commonly used during training and the scribble-based interactions

more likely to be provided by human users at test time. To address this mismatch, we proposed

a training pipeline based on simulated human-like scribbles, combined with annotation-

aware supervision, distance-map encodings, and explicit input manipulation of the initial

segmentation.

The results show that reducing this mismatch is beneficial, but in a small way. The proposed

Scribbles strategy consistently outperformed the original Points baseline, with the clearest gains

appearing in the local evaluation. This supports the central hypothesis of the thesis: making

the training interactions more similar to deployment-time scribbles improves the ability of

the refinement model to respond to user input where it matters most. At the same time, the

difference between Scribbles and Balanced Points was generally small. This indicates that the

geometry of the annotation is not the only important factor; the amount, density, and spatial

distribution of corrective information also play a major role in refinement quality.

7.2. What This Thesis Contributes
A key contribution of this work is therefore not only the proposed scribble simulator itself,

but also the evaluation of segmentation improvement in interactive refinement. The thesis set

out to test whether aligning training-time interactions with deployment-time human scribbles

would reduce annotation-shift and yield more reliable refinements. The results support that

claim, but they also show that future work should take into account the difference between

annotation modality and annotation richness. In that sense, this work contributes both a

practical refinement strategy and a clearer framework for evaluating interactive segmentation

methods.

7.3. Methodological Insights
At the methodological level, several design choices proved justified. The slice-wise scribble

generation procedure provided a realistic and controllable approximation of human annotation

behavior, while the two-stage BaseNet-RefNet setup matched the intended interactive workflow

well: BaseNet produces a strong initial segmentation and RefNet performs targeted correction.

The shared evaluation protocol with global, local, and hyperlocal analysis also made it possible

to distinguish overall segmentation quality from improvement near the region of interaction.
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At the same time, the results show that interactive refinement should be interpreted

conservatively. Because refinement is intended to make a local correction rather than re-

segment the full organ, large global gains should not necessarily be expected from a single user

interaction. This is exactly why local and hyperlocal evaluation are valuable in this setting as

they better reflect the intended purpose of the model than global metrics alone.

7.4. Limitations
This study was intentionally narrow in scope. It focused on one dataset, one organ class, one

main refinement architecture, and one primary form of human interaction. That controlled

setup was useful for isolating the effect of annotation strategy, but it also limits how broadly the

conclusions can be generalized. The small difference between Scribbles and Balanced Points

also shows that matching only the number of annotated voxels does not create a similar score.

Scribbles still contain information that isolated points do not, such as continuity and a clearer

indication of the boundary.

7.5. Future Work
Future work should test whether the same conclusions hold in multi-organ segmentation,

on other imaging datasets, and with other forms of user interaction. It would also be

valuable to explore refinement architectures that preserve interactive speed while improving

the propagation of corrections over larger spatial extents. Also, future work in the field of

annotation encoding should also evaluate a point-based annotator that provides a similar

number of annotated voxels as the scribble-based annotator. Our results suggest that the

amount of information in the annotation plays an important role, so comparing scribbles only

to sparse points does not fully isolate the effect of annotation type. Such a baseline would

make it easier to determine whether improvements come from the scribble shape itself or

simply from providing more corrective information. Another interesting topic for future work

is whether there is a limit to how much user information should be given to the refinement

model. In this thesis, more annotation information generally led to better results, but it is not

yet clear whether this will always remain true. At some point, extra annotations may give only

limited additional benefit, or could even hurt performance if the model becomes too dependent

on dense local corrections. Investigating this would help determine the optimal amount of

user input for interactive refinement.

7.6. Final Conclusion
Overall, this thesis shows that annotation-shift is a meaningful problem in interactive medical

image segmentation and that simulated scribbles are a useful way to address it. Training with

scribble-like interactions improves refinement relative to the original point-based baseline,

especially near the region where the user intervenes. At the same time, the limited gap to

Balanced Points shows that the success of interactive refinement depends not only on matching

annotation style, but also on how much corrective information is provided.
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