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Traumatic brain injury (TBI) is considered a critical neurological emergency with substantial morbidity and
mortality rates across the world. Among significant neuropathological consequences of brain injuries, intracra-
nial hemorrhage (ICH) stands out as a particularly urgent condition necessitating prompt diagnosis to avert life-
threatening complications. However, the traditional manual approach to detecting and segmenting brain hem-
orrhages in CT scans is time-consuming and labor-intensive. This study proposes a fully automated uncertainty-
guided framework for intracranial hemorrhage segmentation in brain CT scans. The framework is trained on a
semi-supervised scheme that leverages both labeled and unlabeled data. Notably, when trained on 80% of
labeled data, the semi-supervised framework yields an average Dice coefficient of 0.613 & 0.01 and a Jaccard
index of 0.441 + 0.02. These metrics significantly exceed their supervised counterparts, which demonstrates the
efficacy of the proposed methodology. Moreover, the proposed approach exhibits an overall accuracy of 89.03%
in brain hemorrhage classification with a Cohen’s Kappa value of 0.835, which indicates substantial agreement
between the model’s predictions and the ground truth labels. In addition to its capabilities in intracranial
hemorrhage detection and localization, the proposed framework offers a robust estimation of hemorrhage vol-
ume and provides a comprehensive 3D volumetric view. The accuracy and reliability of the volume quantifi-
cation approach are justified through a comprehensive qualitative and quantitative assessment, utilizing
visualization techniques and a goodness-of-fit test (R? = 0.837). In both instances, the method shows a notable
alignment between the predicted hemorrhage volume and the actual hemorrhage volume. Thus, the proposed
schemes of uncertainty-guided semi-supervised (UGSS) hemorrhage segmentation and volume quantification
enhance model’s applicability in clinical practice and research.

1. Introduction

The occurrence of intracranial hemorrhages (ICH) due to traumatic
brain injuries (TBI) is one of the most critical medical emergencies in the
world. Intracranial hemorrhage (ICH) is characterized by the accumu-
lation of blood within the cranial cavity caused by an accident or any
other trauma. As blood accumulates, it increases pressure within the
cranial cavity, which can compress vital brain structures. This pressure
can lead to brain herniation, where brain tissue is forced through
openings within the skull, causing severe neurological deficits or even
death. In such emergencies, timely diagnosis of brain hemorrhages
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becomes paramount. Healthcare professionals must act immediately,
determining whether immediate surgical intervention is needed. To
decide on the appropriate medical and surgical intervention, it is
essential to detect and localize intracranial hemorrhage (ICH).
Traditionally, intracranial hemorrhage (ICH) can be diagnosed via
inspecting a patient’s imaging reports by a medical specialist. Several
imaging modalities are used to diagnose intracranial hemorrhage (ICH)
and assess its extent in the brain. Computed tomography (CT) [1] is an
established non-invasive imaging standard for analyzing intracranial
hemorrhage (ICH). When examining a brain CT scan for hemorrhages,
radiologists look for areas of abnormal density that signify the potential
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Brain CT Slices

Ground Truth

Fig. 1. Example of different challenging cases in hemorrhage images (pre-processed from the PhysioNet [5] dataset). The top row displays brain CT slices, while the
bottom row represents their corresponding ground truth mask of those brain slices. Note that the dynamic shapes, various sizes, and positions make the segmentation
task challenging. The red strokes pointing towards specific areas indicate the locations of hemorrhage.

presence of blood. Therefore, proficient clinical expertise and intensive
experience are imperative for manual detection and segmentation of
hemorrhages in brain CT scans. Additionally, it is a time-consuming and
labor-intensive task, which may hinder rapid assessment and decision-
making. Moreover, the extended assessment duration and unexpected
delays, particularly in instances of high patient volumes or emergency
scenarios, could have significant consequences. Radiologists can save
time by automating the ICH segmentation task so that it can be quickly
used to analyze and interpret the clinical consequences of the hemor-
rhage. Automated segmentation algorithms can rapidly analyze CT scan
images and identify hemorrhagic regions within seconds or minutes.
This speed is particularly crucial in emergency situations, enabling
prompt diagnosis and timely intervention. Therefore, automated seg-
mentation can expedite the diagnosis process, leading to faster in-
terventions and better patient outcomes.

However, automatic hemorrhage segmentation is challenging due to
several complex factors. One of the primary challenges arises from the
diverse and dynamic nature of intracranial hemorrhages. Hemorrhages
can manifest themselves with varying degrees of severity, resulting in a
wide range of sizes, shapes, and distributions within the brain tissue. The
subtle density differences between hemorrhages and adjacent structures
can result in ambiguous boundaries that are hard to discern even for
experienced radiologists. Moreover, CT images are characterized by
limited soft tissue contrast, which can hinder the clear distinction be-
tween hemorrhagic areas and surrounding brain tissue. Fig. 1 shows
examples of brain CT scan images (slices), which demonstrate the dif-
ficulties of accurate segmentation. These variabilities make it difficult to
rely solely on statistical approaches for accurate segmentation. In
complex images, statistical methods like hidden Markov models (HMMs)
[2], gaussian mixture models (GMMs) [3], and k-means clustering [4]
have trouble handling ambiguous boundaries and variations in object
appearance due to their reliance on local context. To address these
challenges, there is a requirement for innovative approaches that
harness the power of sophisticated machine learning algorithms,
including deep neural networks. These methods possibly learn intricate
features and patterns from large datasets, enabling them to adapt to the
varying sizes, shapes, and appearances of hemorrhages. Deep learning
techniques are especially capable of automatically learning hierarchical
features from raw pixel data, making them more adaptive to variations
in object appearance and background clutter.

In recent years, the domain of medical image segmentation has
witnessed remarkable advancements due to the emergence of deep
learning-based techniques [6-9]. The efficacy of deep learning-based
methods relies on their ability to fine-tune millions of parameters. The
overall learning process heavily depends on huge datasets with precise
annotations. However, accurate data level annotations can only be
provided by experts with domain knowledge. It is very challenging to
acquire reliable annotations for large-scale data (e.g., volumetric CT or
MRI scans), especially for tasks like semantic segmentation which
require pixel/voxel-level annotation for each instance. Consequently,
the researchers and practitioners have been exploring strategies to
mitigate the scarcity of meticulously annotated data concerning the
difficulties. To alleviate annotation scarcity, a feasible approach is to
take semi-supervised learning (SSL) strategies which leverage both
labeled and unlabeled data to effectively train the deep neural networks
[10]. Semi-supervised learning (SSL) for medical image segmentation
presents an exciting avenue for addressing the aforementioned chal-
lenges. It offers a pathway to reducing the exhaustive manual effort and
costs associated with labeling vast amounts of data. Moreover, the
integration of unlabeled data into the learning process not only en-
hances the model’s learning capabilities but also potentially alleviates
the requirement for an exorbitant amount of fully labeled data. This is
achieved by exploiting the inherent structure and relationships present
in unlabeled data, thereby assisting the model in capturing underlying
patterns and representations of data. In most existing approaches,
medical image segmentation can be considered as a pixel-level classifi-
cation task to generate segmentation probabilistic maps and assign each
pixel a certain class.

Recently, several semi-supervised methods have been presented for
medical image segmentation. Existing semi-supervised methods can be
broadly divided into three categories: (i) Consistency regularization (ii)
Pseudo-labeling (iii) Auxiliary task learning. The technique of pseudo-
labeling involves iteratively repeating this procedure in a self-training
cycle while utilizing a model trained on the combination of the
labeled samples and pseudo-labeled samples. For instance, Bai etal. [11]
employed conditional random field (CRF) to improve pseudo labels and
iteratively updated the network parameters and pseudo segmentation
labels. Kim et al. [12] employ a semi-supervised learning approach to
establish dense correspondences among semantically similar images by
combining a limited number of ground-truth correspondences alongside
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Fig. 2. Schematic illustration of the proposed framework for semi-supervised hemorrhage segmentation.

a substantial collection of confident pseudo-labels generated from model
predictions. Consistency regularization is one of the most widely used
techniques for semi-supervised learning (SSL), the objective typically
being the training of models that maintain invariance to a range of data
augmentations. For example, Yap et al. [13] presented a semi-supervised
learning approach for lesion segmentation tasks based on the ideas of
cut-paste augmentation and consistency regularization. However,
inconsistent data distributions between labeled and unlabeled data can
lead to overfitting due to the poor tuned of hyperparameters. The model
may become too tailored to the labeled data’s distribution and unable to
generalize to unlabeled data’s distribution. To alleviate the over-fitting,
Xie et al. [14] exploited the attention mechanism to learn the pair-wise
link between labeled and unlabeled data. Wang et al. [15] introduced a
curriculum learning approach that employs a multi-task semi-supervised
attention-based model for the segmentation of intracerebral hemorrhage
(ICH) from CT images. Samuli et al.’s [16] temporal ensembling tech-
nique recommended utilizing predictions based on exponential moving
average (EMA) for unlabeled data as targets for consistency. However,
maintaining the EMA predictions during the training process is a heavy
burden. In order to solve the issue, Tarvainen et al. [17] suggested a
mean teacher model by averaging model weights instead of predictions.
Yu et al. [18] further extended the mean teacher paradigm with an
uncertainty quantification strategy to improve the performance of the
consistency-based approach so as to learn from more meaningful and
reliable targets during training. Meyer et al. [19] proposed an
uncertainty-aware temporal self-learning for semi-supervised segmen-
tation of prostate zones and beyond. Instead of perturbing networks or
data for consistency learning, another line of research focuses on
building task-level regularization by adding auxiliary tasks to leverage
geometric information with distance maps. The concept of auxiliary task
learning encompasses training of a model on not only the primary task
(task of interest, e.g., semantic segmentation), but also on one or more
auxiliary tasks concurrently. The auxiliary task (e.g., distance map
prediction) can help the model learn spatial relationships and geometric
properties within the data. By jointly learning the primary task and
auxiliary tasks, the model can benefit from the shared knowledge and
representations across tasks. Li et al. [20] created a multi-task network
to construct adversarial regularized shape-aware restrictions. Luo et al.
[21] introduced a dual-task consistency learning approach by
combining regression and segmentation tasks. In order to further
improve performance, Zhang et al. [22] combined the mutual learning

of dual-task networks with the learning of cross-task consistency.
Although these models have reported good results for semi-supervised
medical image segmentation, they still fail to adequately address the
necessity for further volumetric analysis of intracranial hemorrhage.

In this study, we utilized an uncertainty-guided semi-supervised
(UGSS) learning framework for fully automatic intracranial hemorrhage
segmentation use case. The model is trained using a semi-supervised
scheme that leverages both labeled and unlabeled data. It consists of
two different branches, namely teacher and student networks, which
typically have similar architectures. The role of the student model is to
learn from the teacher model’s predictions and gradually improve its
own performance. The purpose of the teacher network is to provide
guidance and act as a source of knowledge for the student network. The
student model is the target model to be trained, and it assigns the
weighted exponential moving average (WEMA) of its weights to the
teacher model at each step of training. On the other hand, prediction of
the teacher model offers an additional channel of supervision for the
student model to learn by the utilization of uncertainty quantification.
For the final inference, we utilized the trained student model to perform
the hemorrhage segmentation task. In addition to segmentation capa-
bilities, we further incorporate a comprehensive 3D volumetric view of
brain hemorrhage as well as quantify the volume of that hemorrhage.
Our main contributions are four-fold: (i) We propose a comprehensive
framework that combines two essential components: uncertainty
quantification and consistency loss. These components work synergis-
tically to enhance the robustness and generalization capabilities of
segmentation models, particularly in scenarios with limited labeled
data. (ii) We dynamically adjust the influence of the consistency loss
using an exponential schedule, enabling the model to gradually focus on
unlabeled data as training progresses. (iii) We adopt a weighted expo-
nential moving average (WEMA) that adapts to the influence of different
sources of information during training. It provides an additional layer of
control and customization over conventional exponential moving
average. (iv) We integrate the hemorrhage volume (e.g., cubic centi-
meters) quantification and comprehensive 3D volumetric view into the
framework that further elevates diagnostic and visualization abilities.
These features offer a comprehensive and accurate assessment of
intracranial hemorrhages, aiding in treatment planning, patient moni-
toring, and benefiting overall decision-making.
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Table 1
Pseudo code for the proposed method.
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Algorithm 1. The core learning algorithm of the proposed framework

Input: A batch of {x;,y;} from labeled dataset D' and {x,} from unlabeled dataset D"
Output: The trained teacher model and student model

1. Represent the output predictions of teacher and student network y, and y; respectively.

2. while stopping criteria not met

3. (¥}, (x}) < sampled form D" and D*
Calculate uncertainty guided consistency loss, Ly as Eq. (5)
Calculate supervised segmentation loss, Lsy, as Eq. (8)
Calculate overall loss, Lt as Eq. (9)

Update the teacher model’s weights with weighted exponential moving average (WEMA) as Eq. (11)

4
5
6.
7. Update the student model’s weights as Eq. (8)
8
9

. end while
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Fig. 3. ResUNet architecture. The rectangular boxes represent multi-channel feature maps and arrows of various colors represent different mathematical operations

for the binary image segmentation task.

2. Proposed methodology

In this section, we first explain the backbone architecture of the
teacher and student models and consistency regularization technique.
Next, we describe the uncertainty-guided semi-supervised learning
scheme and loss functions that are utilized for training the backbone
network. An overview of our proposed framework is illustrated in Fig. 2,
consisting of a teacher model and a student model, following the mean
teacher [17] idea. Before introducing our model, we define the semi-
supervised segmentation problem with a set of notations. In our prob-
lem setting, we are given a training set containing N labeled samples and
M unlabeled sample images with spatial dimension H x W. The labeled
set is defined as, D' = {xi, y;}il and unlabeled set as D* = {xi, }} "

i=N+1
HW is the corre-

where x' € RT™*W is the input image and y' € {0,1}
sponding pixel-wise segmentation label mask. Here, (xi,y!) represent
sample from labeled dataset, while (x!) denote sample from unlabeled
dataset. The symbols y, and Y, represent the output predictions of the
teacher and student models, respectively. In summary, the student
model is trained by minimizing (i) the supervised segmentation loss
(Lap) on labeled data, D' (ii) uncertainty-guided consistency loss (Lyc)

between the student model and teacher model on both labeled, (D') and

unlabeled, (D*). The pseudo code of the proposed uncertainty-guided
mutual consistency learning framework is given in Table 1.

As shown in Fig. 2, the mean teacher framework typically consists of
two branches, teacher and student who utilize the same ResUNet (shown
in Fig. 3) architecture as a backbone. Following the design of the mean
teacher framework, the student model is trained both on labeled (D') and
unlabeled (D") data. The exponential moving average (EMA) of the
student model’s weights is assigned to the teacher model. The estimated
uncertainty from the teacher model is used to guide the learning of the
student model to learn more reliable information from unlabeled data
for semi-supervised learning.

2.1. Backbone architecture

For both teacher and student networks, we utilize a similar archi-
tecture called UNet [23] which has demonstrated remarkable perfor-
mance in various segmentation tasks. It is typically a convolutional
neural network (CNN) architecture, which has a symmetric encoder-
decoder scheme. In this use case, we utilize a tailored variant of the
standard UNet architecture, integrating residual blocks to create what
we refer to as ResUNet. The residual block component helps mitigate the
vanishing gradient problem and promotes better gradient flow. Fig. 3
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depicts the structure of the customized ResUNet.

The architecture generates pixel-wise classification by using a com-
bination of encoding, decoding, and skip connections to capture and fuse
information at multiple scales and ultimately producing a pixel-wise
classification mask that delineates the target hemorrhage regions
within an image. The pixel-wise classification indicates whether the
pixel belongs to the object or region of interest (foreground) or the
background in the case of binary segmentation. The encoder block is
responsible for extracting features at different levels from the input.
Each level of the encoder is linked to a corresponding level in the
decoder, allowing the model to capture both local and global context.
More specifically, the encoder consists of multiple convolutions fol-
lowed by Rectified Linear Unit (ReLU) [24] and 2 x 2 max pooling
operation, as shown in Fig. 3. Specifically, the encoder consists of
several consecutive residual blocks, each followed by a 2 x 2 max
pooling operation. The residual blocks solve the risk of vanishing gra-
dients problem for deeper networks. In this case, the encoder has four
residual blocks, each increasing the number of feature channels from 3
to 16, 16 to 32, 32 to 64, and 64 to 128, respectively. Like the encoder,
the decoder also consists of multiple residual blocks. The dashed arrow
lines show skip connections that directly connect encoder layers to
corresponding decoder layers. These connections help in preserving
fine-grained details from the encoder. As the encoder progresses, it
down-samples the spatial dimensions of the feature maps, effectively
compressing the information while preserving important features. The
decoder portion of the architecture begins to up-sample the feature
maps, gradually recovering the original image’s spatial resolution. It
uses transposed convolutional layers (also known as deconvolution or
up-sampling layers) to increase the spatial dimensions of the feature
maps. At the final stage of the decoder, a sigmoid activation is used to
produce a mask where each pixel is assigned a value between 0 and 1,
representing “probabilistic” predictions for hemorrhage regions.

2.2. Consistency learning

By incorporating consistency regularization into semi-supervised
framework, the neural network is encouraged to produce consistent
predictions across different perturbations of the same input. This study
leverages a consistency-based approach which encourages similar pre-
dictions between student and teacher networks for the unlabeled (D*)
data. Both student and teacher networks use the softmax function to
generate discrete probability distribution for each class (segmentation
classes). We incorporate Kullback-Leibler (KL) divergence [25] to
measure the difference between the probability distributions of both
model’s predictions. Subsequently, a measure of consistency loss
(denoted as L,y,) is computed by minimizing the divergence between the
student and teacher model’s predictions. For each class i at a specific
pixel/region, let’s denote student and teacher model’s probability den-
sities as S andT respectively.

S(i)

Leon = D (S||T) = ZS(i)log(m> @

In the Equation (1), initially we calculate the element-wise ratio of
student probabilities to teacher probabilities for each class i at a specific
pixel/region, then multiply each element of the logarithm ratio with the
corresponding student probability S(i).

2.3. Uncertainty quantification

Quantification of uncertainty can take on various forms, depending
on the context. For semi-supervised learning, the uncertainty can be
used to judge whether the model provides accurate and confident pre-
diction, which can be leveraged to further exploit the unlabeled data.
Uncertainty, in this context, is a measure of how confident or reliable the
teacher model is in segmenting each data point (pixel). As the teacher
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Fig. 4. Example of estimated uncertainty and corresponding confidence map.

model’s predictions exhibit higher reliability, it helps the student model
in a more effective assimilation of knowledge from the teacher model.
Consequently, it allows the student model to be more confident and
consistent when dealing with data points where the teacher model is
confident and vice versa. The uncertainty is estimated using dropout-
based techniques and entropy calculations, which is a measure of the
randomness or uncertainty of model’s predictions. Higher entropy
values generally indicate more uncertainty in the predictions. First, we
calculate the entropy [26] for each set of predictions (sampled pre-
dictions), and then takes the mean entropy across all the samples. Af-
terwards, we utilize Monte Carlo (MC) dropout [27] during the
inference to observe the variability in predictions. Essentially, we run
the multiple forward passes with the dropout enabled and observe how
the prediction changes each time. with dropout (a randomness-inducing
technique) enabled, and we observe how the predictions change each
time. The uncertainty (u) is estimated using Equations (2) and (3) by
performing T stochastic forward passes on each input sample image
from the teacher model with random dropout:

1 T
D=7 P, @
=1
C
U= — Zpklogzpk, 3
=1

where p! is the prediction logits of class k at the t* time in the forward
pass, C is the number of classes in the segmentation tasks,px is the
average softmax probability of T stochastic passes from teacher model
and U is the estimated segmentation uncertainty. This measure of un-
certainty is then further utilized in the uncertainty-guided consistency
loss (Lyc). The uncertainty feature map shows the low-confidence area of
the teacher model (as displayed in Fig. 4), which helps guide the student
model to enhance its segmentation ability by learning from only the
most meaningful and reliable predictions from the teacher model. This
adaptability helps the model become more robust and reduces its
sensitivity to potentially noisy or mislabeled data.

We incorporate the concept of pseudo-label confidence through un-
certainty quantification. The pseudo-label confidence is defined as the
inverse of the entropy, normalized within the range [0, 1] ensuring that
low-entropy (high-confidence) predictions receive higher weights. The

pseudo-label confidence (pamf) can be defined as equation (4).

Peons(i) =1 — . @

Umax

Where, U; is the entropy at pixel i and Upg, is the maximum possible
entropy for a pixel (i.e., Logarithm of number of classes; log(C), where C
is the number of classes).

2.4. Uncertainty-guided consistency loss

We utilized uncertainty-guided consistency loss (L,.) to ensure the
student network’s predictions more aligned with the teacher’s knowl-
edge, especially in situations where the teacher’s predictions are more
reliable or confident. It is obtained by multiplying the consistency loss
(Lcon) by the segmentation uncertainty estimate (u) from the teacher
network. The idea is to assign higher weights to data points with lower
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uncertainty (i.e., more reliable) and lower weights to data points with
higher uncertainty (i.e., less reliable). It gives more weight to consis-
tency loss where the teacher model is more confident and less weight for
uncertain or ambiguous predictions. The student network would pay
more attention to data points where the teacher’s predictions are more
reliable (low uncertainty) and less attention where the teacher’s pre-
dictions are uncertain. The uncertainty aware consistency loss (Lyc)
function can be formally expressed as:

L = Z Leon X U (5)

Xy DY

Here, U is the estimated segmentation uncertainty by the teacher
network and Ly represent the consistency loss. This uncertainty guid-
ance helps in reducing the sensitivity of the student model when dealing
with noisy or uncertain data and adaptive to the varying levels of reli-
ability in the teacher’s predictions.

2.5. Overall loss function

As the framework is trained under semi-supervised settings, we
employed both supervised (L) and unsupervised loss (L) functions in
the model. The student model is trained by minimizing the supervised
loss (Lgp) on labeled data and consistency loss (Lc,,) on unlabeled data.
Notably, the unlabeled part takes unlabeled samples as inputs, in
contrast supervised part only takes labeled sample for learning purposes.
In the context of semantic segmentation, the goal is to classify each pixel
as either the object of interest (positive class) or the background
(negative class). Thus, there is often a class imbalance between the
background (negative class) and the object of interest (positive class). As
the hemorrhage segmentation task is a heavily imbalanced task with
respect to pixel-level instances, we incorporate weighted binary cross-
entropy loss (L) to address that class imbalance problem. It tends to
assign a higher weight to the class that is less frequent, effectively giving
it more importance during the training process. This can help the model
pay more attention to the class with fewer instances and potentially
improve the segmentation performance. The weighted binary cross-
entropy loss is formalized as Equation (6).

N
— 5> (Wposyilog(pi) + Wieg(1 — yi)log(1 —py) ), (6)

i=1

wbc =

ZI'—'

where, N is the total number of samples in the dataset. The true label
(ground truth) is y; for the i sample. Here, p; is the predicted probability
of the i sample given by the model’s output. The positional weight
(Wpos) in the weighted binary cross-entropy loss function can be defined
as

Wyos = log p—To ()]

'pos

The calculated positional weight (W) reflects the relative occurrence of
positive and negative classes across all the mask images. This weight
helps adjust the impact of the positive class in the loss calculation,
addressing class imbalance and putting more emphasis on the positive
class during training. In Equation (7), the logarithm compresses the ratio
of all the pixel count (pr) to positive pixel count (pys). The logarithmic
transformation provides a smooth transition in weight values as the ratio
of positive to all pixel’s changes. This ensures that the weight adjust-
ments are gradual rather than sudden, which can be beneficial for
training stability. Then, we estimate both supervised segmentation loss
function (Lg,) and overall loss function (L) with Equations (8) and (9),
respectively. The overall loss function would be the combination of
supervised and unsupervised loss:

Lsup = Z wac7 (8)

(Xt N ) eD!
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Ly = Lsup +/1uLu07 (C)]

Here, 1, is a hyperparameter controlling the contribution of the unla-
beled loss (L,) term. We use an exponential scheduler to adjust the
contribution of the hyperparameter based on the progression of training.
The goal of this scheduling is to gradually increase the impact of the
consistency loss on the overall training process as the training pro-
gresses. The formula for the exponential scheduler can be expressed as
Equation (10).

lu:a+<i> x (m—a). (10$)
dr

where, &, is the current global training step and ér is the is the total
number of training steps in an epoch or the entire training process. The
hyper-parameter « is the initial weight assigned to the consistency loss.
The maximum assigned weight to the consistency loss is denoted by m
and the exponent e controls the rate of increase. A higher exponent value
leads to a faster ramp-up of the weight.

2.6. Weighted exponential moving average (WEMA)

In the realm of knowledge distillation, the exchange of insights be-
tween teacher and student models plays a pivotal role in enhancing the
learning process. One popular technique, known as exponential moving
average (EMA) [28], facilitates transferring knowledge between the
teacher network and student network. The student model is the desired
model to be trained, and at each training step, the exponential moving
average (EMA) of its model weights is assigned to the teacher model. In
this context, we expand upon this concept by introducing the weighted
exponential moving average (WEMA). Unlike conventional exponential
moving average (EMA), the weighted exponential moving average
(WEMA) provides an additional layer of control and customization by
assigning different weights to different sources of information during the
update process. It provides the flexibility to adaptively adjust the
importance of different sources of information as training progresses.
The weight of the teacher network (¢) and the weight of the student
network (0) determine the balance between the teacher’s and student’s
contributions. The weighted moving average (WEMA) process is defined
as:

O, =dd_+(1—d)(w; x 0, +w, x 0_,) an

At a training step t, we update the weights of the teacher network (¢)
in Equation (11). Here o denotes the wEMA decay that regulates the
update rate. The « value in the provided training framework is deter-
mined using a cosine annealing schedule, which smoothly adjusts the
value over the course of training. The adjustment is achieved through a
cosine function that oscillates between —1 and 1 over the interval [0, z],
where the current training step is normalized by the total number of
training steps. The cosine annealing schedule promote a balanced and
effective update of the teacher network parameters.

2.7. Hemorrhage volume quantification

Hemorrhage volume quantification plays a vital role in clinical
practice, and patient care by providing valuable information for diag-
nosis, and monitoring. It allows medical professionals to assess whether
the condition is improving, stable, or worsening and adjust the treat-
ment accordingly. Healthcare providers can make more informed de-
cisions regarding surgery, medication, or other interventions based on
the size and location of the hemorrhage. The hemorrhage volume is
typically measured in cubic centimeters (cm®). In this context, the
intracranial hemorrhage volume is calculated by counting the number of
voxels (V;) within the hemorrhage region and multiplying it by the size
of each voxel. Voxel size (S;) represents the volume of each element in
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Table 2
Subject demographics of PhysioNet dataset.

Imaging modality Computerized Tomography (CT)
Total number of subjects 82
Number of subjects with hemorrhage 36

Total number of extracted slices from CT scans 2814 (No hemorrhage: 2496)

Raw file format NIfTI

CT scan’s unit measurement Hounsfield Unit (HU)
Slice thickness 5 mm

Annotation Pattern Slice level, Pixel level
Patient age range 27.8 £19.5

Gender 46-Male, 36-Female

the three-dimensional grid of the medical image. We calculate the voxel
size by taking the product of the three voxel dimensions (vy, vy, and v;)
obtained from the CT scan header information. Then we calculate the
count of pixels (voxels) in the hemorrhage region by summing the values
in the hemorrhage ground truth or prediction. This count represents the
number of voxels that make up the hemorrhage region. The volume is
calculated by counting the number of voxels within the hemorrhage
region and multiplying it by the size of each voxel. The formula for
calculating the hemorrhage volume, denoted as Vy;, is given by Equation
(12).

V=) Vix5, a2

Here, V; is i voxel within the hemorrhage region and S, is the size of
voxel.

3. Experimental setup

This section discusses the details of the dataset and empirical results
obtained for intracranial hemorrhage segmentation task. Additionally,
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ablation studies are conducted to study the impact of each component in
the proposed method.

3.1. Dataset

In this study, we analyze PhysioNet [5] dataset which contains a
collection of CT studies regarding intracranial hemorrhage. The
Siemens/ SOMATOM CT scanner was used to acquire the data which had
an isotropic resolution of 0.33 mm, 100 kV. The dataset contains 82
subjects (CT scans), including 36 scans for patients diagnosed with
intracranial hemorrhage. Each patient’s CT scan typically includes 34
slices (cross-sectional images) on average with 5 mm slice-thickness.
The raw CT scans are in NIfTI (Neuroimaging Informatics Technology
Initiative) format. The unit of measurement of the CT scans is the
Hounsfield Unit (HU) which is a measure of radiodensity. More de-
mographic details regarding the dataset are shown in Table 2.

The raw CT scans are originally the collection of 2D slices in different
3D orientations (axial, sagittal, and coronal). This 3D rendering provides
a comprehensive view of anatomical structures. In Fig. 5, we display a
representative section of a raw 3D CT scan extracted from a NIfTI
(Neuroimaging Informatics Technology Initiative) file.

The PhysioNet dataset is highly imbalanced at slice-level as well as
pixel-level (positive hemorrhage instances). A total of 2,814 slices were
extracted from the CT scan data. Most of the slices in the dataset do not
contain positive cases of intracranial hemorrhage. Among those slices,
only 318 of them have the presence of intracranial hemorrhages. This
makes it a heavily imbalanced dataset thus extra challenging for auto-
matic hemorrhage detection and segmentation tasks. Fig. 6 demonstrate
the distribution of hemorrhage both in slice and pixel level instances. In
managing a limited set of observations (2814 images from 82 CT scans),
we employed augmentation techniques to enhance the diversity and
variability within the dataset. We utilized transformations such as
rotation, flipping, and cropping in the augmentation process.

z=-541

Fig. 5. Illustration of a raw CT sample from the dataset.

Distribution of Hemorrhage

(a)

Brain Slice Ground Truth

Fig. 6. The left panel (a) represents the slice level distribution of the intracranial hemorrhage. The blue portion indicates that those slices have the presence of
hemorrhage, while orange portion indicates the opposite. On the right panel (b), the two images illustrate pixel-level data imbalance (marked in red) within the brain

CT slices.
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Fig. 7. Histogram showing pixel intensities and counts for raw CT scans.
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Fig. 8. The first row represents a snapshot of every 10% raw slice from CT scan and the second row illustrates the pre-processed version after applying the window

technique to those raw CT slices.

3.2. Preprocessing

The CT scan modality uses Hounsfield Units (HU) [29] to represent
pixel intensities that quantify the radiodensity of tissues in the body.
They often have a wide range of intensity values due to variations in
tissue density. The intensity values cover a wide dynamic range, typi-
cally from —1000 HU to ~+2000 HU (referred to in Fig. 7).

The variability in contrast levels within raw CT scans makes it
difficult to distinguish between different anatomical structures accu-
rately. Hence it creates a challenge for segmentation algorithms to
define the appropriate regions of interest. To tackle this issue, we use
windowing technique [30] to preprocess the raw CT scans, as depicted
in Fig. 8. Windowing is a common image processing technique used in
medical imaging, particularly in Computed Tomography (CT) to adjust
the display of pixel intensity values within a specified range to enhance
the visibility of specific structures or tissues in the image. It adjusts the
range of pixel values in the image to emphasize certain structures or
pathologies while maintaining the overall contrast and dynamic range.
The technique involves two key parameters: window level (wl) and
window width (ww). The window level (wl) defines the center of the
window and corresponds to the Hounsfield Unit (HU) value that will be

mapped to the middle of the grayscale display. Mathematically, it is the
midpoint of the range of pixel values after windowing. The relation can
be expressed as Equations (13) and (14).

] i + max 13)
2
ww = max — min, 14

where, min and max, are the windowed range’s minimum and maximum
Hounsfield Unit (HU) values respectively and window width (ww) de-
fines the range of Hounsfield Unit (HU) values that will be mapped to the
grayscale display. The windowing operation then maps pixel intensity
values within the range between (wl —ww/2) and (wl+ww/2) to the full
grayscale display range (usually O to 255 for 8-bit images). Mathemat-
ically, we have:

o))

ww

(15)

Prew =

Here, P denotes the pixel intensity value in the original CT scan before
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Table 3

Quantitative comparison between different paradigms and the proposed method using varying proportion of labeled data on PhysioNet dataset.
Labeled Data 50 % 70 % 80 % 100 %
Paradigm Method JCD DSC JCD DSC JCD DsC JCD DsC PA
sup UNet 0.248 0.394 0.281 0.420 0.321 0.457 0.367 0.460 0.798
sup ResUNet 0.270 0.412 0.298 0.458 0.353 0.466 0.380 0.497 0.823
semi-sup ResUNet-CutMix 0.312 0.426 0.370 0.545 0.3936 0.564 0.402 0.571 0.887
semi-sup ResUNet-CutPaste 0.309 0.432 0.381 0.549 0.404 0.576 0.390 0.586 0.941
semi-sup [proposed] UGSS 0.326 0.454 0.398 0.573 0.421 0.598 0.441 0.613 0.952

applying the windowing operation and Py, represents the new gray
scale pixel intensity value after the windowing operation has been
applied.

3.3. Evaluation metrics

To gauge the segmentation performance of our model, we used both
the Dice coefficient (DSC) and Jaccard index (JCD), given in Equations
(16) and (17) respectively. The Dice coefficient, also known as the
Sgrensen-Dice coefficient [31], is a commonly used metric for
measuring the similarity or overlap between two sets. In the context of
our semantic image segmentation task, we used both Dice coefficient
and Jaccard index [32] to evaluate the performance of the framework by
comparing similarity between the predicted binary mask and ground
truth binary mask.

psC—2x YOI 16)
b+ [yl +¢€
Jcp— YOV an
yuyl+e

Here, y is the set of pixels or voxels that are positive according to the
ground truth and ¥ is the set of pixels or voxels that are predicted as
positive (belonging to the target class). The set cardinality is denoted by
symbol | e |. To handle the cases where both the predicted and ground
truth masks are empty (i.e., they contain no positive elements), we add a
small epsilon (&) value to ensure that the metrics are well-defined. To
evaluate the reliability of the proposed method, standard Cohen’s kappa
coefficient [33] is computed by measuring the agreement rate between
the ground truth and the proposed automated method. It assesses the
level of agreement between the actual and predicted instances. In
addition, we consider another evaluation metric called Pixel Accuracy
(PA) to assess how well the model is performing across the entire image,
considering all pixels, regardless of whether they belong to the object of
interest or the background. This metric measures the ratio of correctly
classified pixels (both foreground and background) to the total number
of pixels in the image and simply can be expressed by Equation (18).

NumberofCorrectlyClassifiedPixels
TotalNumberofPixelsintheImage

PixelAccuracy(PA) = 18

We utilize linear regression and Bland-Altman plot to assess the ac-
curacy of the estimated volumes compared to the reference standard
(ground truth volumes). Bland-Altman plot [34] is generated to visu-
alize the agreement between two variables, which are assumed to
represent some form of measurement or observation. First, we calculate
the difference (A,) between the estimated volume (V) and the refer-
ence/true volume (V) for each data point via:

A=V-V 19
The plot visually shows the spread of the measurement differences

and their relationship to the mean value. The x-axis of that plot repre-

sents the mean of the estimated and reference volumes, ((V + V)/2) and
the y-axis represents the differences. Each data point in the scatter plot
corresponds to a pair of measurements. Additionally, two horizontal

dashed lines are plotted at the limits of agreement, which are calculated
as 1.96 times the standard deviation of the differences (95 % two-sided
confidence interval), both above and below the mean. These lines help
assess the precision and agreement between the two measurement
methods. Points outside these limits may indicate outliers or poor
agreement. Additionally, we fit a linear regression model to the data,
where the estimated volumes are the independent variable, and the
reference volumes are the dependent variable. We utilize the metric R?
to evaluate the model’s goodness of fit. A significant linear relationship
between the estimated and reference volumes is indicated by a higher R?
value (close to 1).

3.4. Model configurations

The proposed uncertainty guided framework (UGSS) is benchmarked
against three settings, including a fully supervised (i.e., training on
labeled data only) baseline and several semi-supervised learning base-
lines such as CutMix [35] based regularization (ResUNet-CutMix) and
CutPaste [36] based regularization (ResUNet-CutPaste), respectively. To
standardize the benchmarking process and ensure fair comparisons, all
methods are implemented in a shared codebase using the PyTorch [37]
framework. The framework is optimized using the AdamW [38] opti-
mizer for up to 200 epochs. We utilized a workstation equipped with
Intel® Core i7- 12700F, 2100 Mhz, 12 Core(s); NVIDIA GeForce RTX™
3050, 4 GB GDDR6 for training the model. During training, the learning
rate is linearly warmup in the first 10 epochs and gradually decayed
after the 10" epoch using a cosine scheduler. Early stopping is used
depending on the performance on the validation dataset and 10 % of the
training samples are randomly chosen as the validation dataset.

4. Results and discussion

This section provides an overview of the data split, evaluation met-
rics, and performance comparison with respect to different baselines.
Additionally, this section provides some graphical representation of the
quantitative results for the sake of concise interpretation. For a more
comprehensive insight, we also conduct a qualitative analysis of the
model outcomes.

4.1. Overadll performance

We benchmarked the results of the proposed uncertainty guided
semi-supervised (UGSS) framework with the supervised (sup) UNet,
supervised (sup) Residual UNet (ResUNet) and semi-supervised (semi-
sup) counterparts: ResUNet-CutMix, ResUNet-CutPaste. Table 3 presents
a comprehensive evaluation of various hemorrhage segmentation
methods under different scenarios, considering the percentage of
labeled data during training. First, we explore the impact of the data mix
(labeled and unlabeled) on the performance of these methods.

The labeled data split ranges from 50 % to 100 %, representing the
proportion of data with ground truth labels used for training. When
using 50 % labeled data, the supervised (sup) UNet achieves a Jaccard
index of 0.248 and a Dice coefficient of 0.394. As the amount of labeled
data increases, going up to 100 % labeled data; Jaccard, Dice coefficient
and PA show improvements peaking at 0.367, 0.460, and 0.798,
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Fig. 9. Comparison of segmentation performance of the proposed method (in green) compared to other paradigms using different percentages of labeled data (50%,

70%, 80% and 100%) on PhysioNet dataset.

respectively. Another supervised model ResUNet achieves improve-
ments of approximately 3.54 % in Jaccard index, 8.04 % in Dice coef-
ficient, compared to supervised (sup) UNet. This demonstrates the
effectiveness of integrating residual blocks in ResUNet for enhancing
segmentation performance. The supervised approach typically benefits
from additional supervision as the proportion of labeled data rises,
leading to better accuracy and agreement with ground truth segmen-
tation. Semi-supervised models exhibit the ability to achieve compara-
ble results, akin to the supervised approach, even with a lower
proportion of labeled data compared to the fully supervised model. For
instance, when using 80 % labeled data, the supervised method ResUNet
yields a Jaccard score of 0.353 and a Dice coefficient of 0.466. In
contrast, the semi-supervised baseline models (ResUNet-CutMix,
ResUNet-CutPaste) achieve better performance than supervised model,
even when utilizing only 70 % of labeled data. These results indicate the
effectiveness of semi-supervised learning in improving hemorrhage
segmentation. Across all data split scenarios, the semi-supervised
models (including proposed method) outperform the supervised
model. The comparison suggests that applying semi-supervised tech-
niques with data augmentation such as CutMix [35] and CutPaste [36],
can lead to improved model performance with less labeled data. This
observation underscores the value of leveraging unlabeled data in
enhancing model generalization and segmentation accuracy. The per-
formance of the semi-supervised models improved with inclusion of
proportion of labeled data (50 % to 100 %). This trend is expected as
more labeled data generally leads to better understanding of the context.
Delving into the semi-supervised settings, it can be observed that the
proposed UGSS outperforms both ResUNet-CutMix and ResUNet-
CutPaste in terms of Jaccard coefficient and Dice coefficient at
different proportions of labeled data. At 100 % labeled data, UGSS
surpasses ResUNet-CutMix by 12.23 % in Jaccard index, 7.35 % in Dice

Table 4

coefficient. When compared to ResUNet-CutPaste, UGSS achieves im-
provements of 13.08 % in Jaccard index, 4.60 % in Dice coefficient. We
further visualize the segmentation results with a comparison plot, shown
in Fig. 9. It can be observed that all semi-supervised models perform
better than the supervised baseline in different labeled data settings.
Besides, the proposed method outperforms other semi-supervised seg-
mentation methods across different proportions of labeled data. This
suggests that the proposed approach effectively harnesses the benefits of
semi-supervised learning, achieving significant improvements in seg-
mentation accuracy.

The evaluation results for hemorrhage detection based on sensitivity,
specificity, overall accuracy, and Cohen’s kappa coefficient are shown in
Table 4. Upon careful examination of the results, it is evident that the
proposed UGSS method outperforms the other methodologies across the
board. The “semi-supervised” variations, namely “ResUNet-CutMix” and
“ResUNet-CutPaste,” also demonstrate good performance, showing
increased sensitivity and specificity compared to the fully supervised
method. However, they fall slightly short of the performance achieved
by the proposed UGSS. The fully supervised method (denoted as “sup™)
shows the lowest performance in terms of sensitivity, specificity, accu-
racy, and cohen’s kappa. These findings highlight the importance of
exploring with unlabeled data, particularly in challenging scenarios. The
proposed method exhibits the highest sensitivity, specificity, accuracy,
and Cohen’s kappa values which indicates its efficacy in accurately
segmenting images, making it a promising instrument for image seg-
mentation tasks. It achieves an accuracy of 89.03 %, indicating a high
level of overall correctness in hemorrhage detection. The reasonable
sensitivity value indicates its reliability for identifying hemorrhages,
which is crucial in clinical applications to avoid false negatives. Besides,
the computed specificity suggests that the method can effectively
differentiate between hemorrhage regions, reducing the likelihood of

Evaluation of intracranial hemorrhage detection performance on different paradigms and the proposed method.

Paradigm Method Sensitivity Specificity Accuracy (%) Cohen’s kappa
sup ResUNet 0.657 0.818 85.21 % 0.792
semi-sup ResUNet-CutMix 0.705 0.851 87.10 % 0.817
semi-sup ResUNet-CutPaste 0.723 0.839 85.89 % 0.811
semi-sup[proposed] UGSS 0.751 0.872 89.03 % 0.835

10
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Fig. 10. Loss curves for various model configurations: (a) ResUNet, (b) ResUNet-CutMix, (c) ResUNet-CutPaste, and (d) UGSS across training epochs.

false positives. Cohen’s kappa of 0.835 signifies substantial agreement
between the model’s predictions and the ground truth, indicating
robustness and consistency in hemorrhage detection.

To better understand the training dynamics, we performed the loss
curve analysis across various frameworks. The Fig. 10 presents the loss
curves across epochs for different model configurations. Each subplot
displays the evolution of the loss value over 500 training epochs,
providing insight into the convergence behavior of each model. The
semi-supervised settings (ResUNet-CutMix & ResUNet-CutPaste) ex-
hibits a similar convergence trend, stabilizing at a slightly lower loss
value compared to supervised training scheme. The proposed UGSS
achieves steady-state loss among the models with lower loss metric
values.

Additionally, we create a Receiver Operating Characteristic (ROC)
curve (referred in Fig. 11). The ROC curve [39] depicts the trade-off
between sensitivity and specificity, offering a visual representation of
our proposed framework’s discrimination ability. The results reveal a
promising performance for the UGSS method, as evidenced by an AUC
value of 0.93. This suggests that the proposed method is effective at
detecting hemorrhages as well, compared to random label assignment.

We assessed the accuracy of estimated hemorrhage volume (V)
compared to true hemorrhage volume (V) through the utilization of a
Bland-Altman plot and regression analysis. This analysis provides
valuable insights into the agreement between two measurements, and
the overall performance of the estimation technique. Fig. 12 presents the
Bland-Altman plot for our proposed method, where the y-axis represents
the differences between estimated and true hemorrhage volumes, and
the x-axis denotes the average of the two measurements. The central
horizontal line in the plot represents the mean difference between those
two measurements. The upper and lower horizontal lines (red dashed
lines) delineate the limits of agreement, which are expected to encom-
pass 95 % of data points. The plot showed that, on average, the

11

estimated hemorrhage volumes were in good agreement with the true
hemorrhage volumes. The center line of the plot, representing the mean
difference between the two methods, was close to zero. This suggests
that, on average, the estimation method did not exhibit a significant bias
in its measurements. To further explore the relationship between esti-
mated and true hemorrhage volumes, a linear regression analysis was
conducted. The R? value of 0.837 from the regression analysis indicates
that approximately 83.7 % of the variability in the estimated hemor-
rhage volumes can be explained by the variability in the true hemor-
rhage volumes. In other words, there is a strong linear relationship
between the estimated and true volumes, and this relationship accounts
for a significant proportion of the total variability observed in the data.
This high value suggests that the estimation method is reliable and is
capturing a substantial portion of the true hemorrhage volume
variation.

The Table 5 summarizes the experimental results of 3D volume
quantification, specifically focusing on the Goodness-of-Fit (R?) and
Average Volume Difference measured in cubic centimeters (cm®).
Among the other architectures, supervised learning model ResUNet
shows the lowest performance, with a Goodness-of-Fit of 0.698 and an
Average Volume Difference of 6.85 cm>. In contrast, the semi-supervised
models exhibit better 3D hemorrhage volume quantification perfor-
mance than the supervised model. The improved performance trend of
semi-supervised paradigms over the supervised was also followed while
comparing the 3D experimental performance analysis. The proposed
semi-supervised UGSS method demonstrates the best performance
compared to the others model, achieving the highest Goodness-of-Fit
(R? = 0.837) and the lowest Average Volume Difference (2.03 cm®).

Table 6 presents a comparative analysis of the computational com-
plexities associated with various model architectures utilized in both
supervised and semi-supervised learning paradigms. The semi-
supervised models ResUNet-CutMix, ResUNet-CutPaste exhibit
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Table 5
Comparative performance of 3D volume quantification across different
paradigms.

Paradigm Method Goodness-of-Fit Average Volume
(R%) Difference (c m®)
sup ResUNet 0.698 6.85
semi-sup ResUNet- 0.765 4.04
CutMix
semi-sup ResUNet- 0.781 4.16
CutPaste
semi-sup UGSS 0.837 2.03
[proposed]

quadratic training complexity of O(n?), indicating a significant increase
of training time as the dataset size expands. The proposed UGSS model
improves upon this by achieving a training time complexity of O(nlogn),
which balances performance and scalability. The supervised model
ResUNet operate a liner time complexity of O(n) during the training
period. While the supervised model exhibits efficient computational
advantages, its segmentation performance is not superior to that of the
proposed UGSS model.

In the aspect of memory utilization, the supervised ResUNet model is
categorized as low memory consumption, making it suitable for envi-
ronments with limited resources. The semi-supervised ResUNet-CutMix
and ResUNet-CutPaste models require moderate and high memory,
respectively. Because those methods operate data augmentation and
repeated training procedure with the data manipulation which requires
additional memory and time. The proposed UGSS model strikes a bal-
ance with logarithm complexity O(nlogn), classified as having moderate
memory requirements. Along with the moderate time and memory re-
quirements, the proposed UGSS can provide competitive detection and
segmentation performance in data scarcity situations.

We additionally conducted a comparative analysis of several
advanced automatic segmentation techniques applied to brain hemor-
rhage cases, highlighting their performance in terms of key evaluation
metrics and additional features. The primary evaluation metrics
considered are the Jaccard Index and the Dice Coefficient, which are
standard measures for assessing segmentation accuracy. In addition to
these metrics, we have also evaluated whether the methods incorporate
3D visualization and volume quantification features, which are crucial
for comprehensive analysis in clinical applications.

Table 7 summarizes the performance of numerous automatic seg-
mentation methods for brain hemorrhage. The table includes results
from various recent methods such as UNet-based, GAN-based,

Table 6
Comparative analysis of algorithmic complexities on different paradigms.
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Transformer-based, YOLOVx architecture for the brain hemorrhage use
case. For better justification, we compared the proposed UGSS model
with two different model settings: UNet series and non-UNet series. For
UNet series architecture, DCAU-Net and D-UNet methods provide
reasonable accuracy in segmentation tasks, however there is no inclu-
sion of hemorrhage volumetric analysis for one of the methods. For the
clinical utility, exclusion of volumetric analysis of hemorrhages would
have a crucial effect. which could be crucial in clinical utility. The
proposed method provides a feature of volume quantification, an aspect
not addressed by certain other advanced methods. The UGSS framework
is evaluated on the PhysioNet dataset and achieves a reasonable Jaccard
Index (0.441) and Dice Coefficient (0.613) compared to previous works
on the same dataset. In comparison with non-UNet series architecture,
transformed-based and YOLOVx models show promising performance.
However, some of the settings still lack the inclusion of volumetrics
analysis and 3D visualization. This comparative analysis highlights the
advantages of the proposed UGSS method in terms of both segmentation
accuracy and the inclusion of advanced features like volume quantifi-
cation and 3D visualization, which are essential for a holistic evaluation
of brain hemorrhage.

4.2. Qualitative analysis

The results of various methods are also visualized for qualitative
analysis, shown in Fig. 13. The rows represent four random samples,
with the first column displaying the original CT slice and the rest of the
columns showcasing the ground truth mask and hemorrhage prediction
from different paradigms. Comparative analysis serves as a useful means
of assessing the strengths and weaknesses of each approach. It can be
observed that the proposed approach performs effectively for different
hemorrhages. In addition, uncertainty awareness enhances the ability of
the proposed scheme to select the optimal output among all the in-
ferences. This consistency highlights the robustness and effectiveness of
our approach in handling varying hemorrhage patterns and sizes. Fig. 13
(a) and (b) exemplify instances where the method demonstrates profi-
cient segmentation, accurately delineating hemorrhage regions with a
high degree of precision. Fig. 13 (c) illustrates a more complicated case
of complex hemorrhage where the discrepancies between the ‘ground
truth’ and the predicted segmentation. However, the proposed method
efficiently handles this challenge by generating appropriate prediction
(no presence of hemorrhage).

By rendering the hemorrhages in a three-dimensional space, we
construct a 3D volumetric view (shown in Fig. 14) which can be utilized
to visualize brain hemorrhage size, shape, and location. The hemorrhage

Paradigm Method Time Complexity (Train) Time Complexity (Inference) Space Complexity
sup ResUNet O(n) O(n) Low

semi-sup ResUNet-CutMix o(nz) O(n) Moderate
semi-sup ResUNet-CutPaste o(n?) O(n) High
semi-sup[proposed] UGSS O(nlogn) O(n) Moderate

*n refers to the number of training samples

Table 7
Comparative analysis of advanced automatic segmentation methods.

Paradigm Method Dataset Jaccard Index Dice Coeficient Volume Quantification
UNet Series (UNet) Hssayeni et al. [5] PhysioNet 0.18 0.31 -

(D-UNet) Kuang et al. [40] NCCT 0.48 0.65 v

(DCAU-Net) Yuan et al. [41] MICCAI Adam - 0.745 -

UGSS [proposed] PhysioNet 0.441 0.613 v
Non-UNet Series (CycleGAN) Ganeshkumar et al. [42] PhysioNet 0.22 0.32 -

(3D EIS-Net) Hulin et al. [43] NCCT - 0.448 v

(YOLOVS5 + TransDeeplab) Jagath et al. [44] CQ500 — 0.76 —

(Residual Transformer) Zhixiang et al. [45] NCCT — 0.586 v
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(a)
Brain CT slice

(b)
Sup-ResUNet

(©)
ResUNet-
CutMix

..
¥
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(d) (e
UGSS Ground truth

(@)
ResUNet-
CutPaste

Fig. 13. Examples showing the segmentation outcomes from different methods. Each row represents a different sample, the column (a) represents the CT slice, (b) to
(d) shows the segmentation results using Sup-ResUNet, ResUNet-CutMix, ResUNet-CutPaste, and UGSS methods, respectively, and column (e) shows the corre-

sponding ground truth mask.

Fig. 14. 3D volumetric view of intracranial hemorrhage (ICH). The left and right panel display the same brain object from different orientations. The reddish masks

represent the hemorrhage regions inside brain.

regions within the brain are visually highlighted in a distinctive reddish
hue, allowing for clear differentiation from the surrounding anatomical
structures. Incorporating a 3D volumetric view into the framework
further elevates its diagnostic and visualization capabilities. It offers a
comprehensive perspective that aids in treatment planning and surgical
procedure, helping practitioners to identify the optimal approach and
minimize damage to healthy brain tissue. Additionally, this visualization
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technique supports medical education and interdisciplinary communi-
cation, as it provides a clear and intuitive representation of the
pathology.

4.3. Ablation study

The Ablation studies were conducted on the PhysioNet dataset. The
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Table 8
Comparative analysis of weight update methods on model performance metrics.
Paradigm Method Weight Update Metrics
JCD DsC PA
Semi-Supervised UGSS Without EMA 0.350 0.482 0.824
EMA 0.403 0.596 0.880
wEMA 0.441 0.613 0.952

Table 9
Comparative analysis of pseudo-label confidence on model performance metrics.
Paradigm Method Pseudo-label Metrics
JCD DsC PA
Semi-Supervised UGSS 0.374 0.489 0.798
v 0.441 0.613 0.952

different experimental settings were designed to thoroughly evaluate
the effectiveness of the proposed model’s components as well as the
analysis of key process parameters.

4.3.1. Analysis of model components

To investigate the effectiveness of each component of the proposed
architecture, we conducted a comprehensive analysis with a series of
experiments in different model settings. First, we examine the influence
of different weight update methods on the proposed model’s perfor-
mance. We assessed three variations: (i) The model without any expo-
nential moving average (EMA), (ii) The model with a conventional EMA
update, and (iii) The model with a weighted EMA (WEMA) update
mechanism.

As seen in the Table 8, each weight update method progressively
boosts the performance across all the evaluation metrics. The model
with exponential moving average (EMA) performs better than without
inclusion of weight update techniques. The standard exponential mov-
ing average (EMA) technique significantly boosts the performance
across all metrics, with notable improvements in DSC (+23.6 %), JCD
(+15.1 %), and PA (+6.7 %). It justifies the primary inclusion of weight
update mechanisms for the proposed framework. Furthermore, we
explore the inclusion of a more dynamic weight update method named

Biomedical Signal Processing and Control 102 (2025) 107386

supervised hemorrhage detection. The study compares different variants
of the proposed UGSS model, each employing different loss functions
and weight update mechanisms. To justify the choice of loss functions,
uncertainty guidance and weight update mechanisms, we compared the
performances metrics for variants of model. Notably, the UGSS with the
proposed combined components consistently outperformed the others
variant under various loss functions and weight update mechanisms.
The introduction of weighted exponential moving average (WEMA) and
consistency loss in UGSS significantly improved segmentation accuracy.
Furthermore, we experiment with different loss functions, including KL
divergence and Smooth L; loss [46], which reveal varying degrees of
impact on the results. The approach combined with the KL divergence
and weighted EMA (WEMA) consistently produces better results, with
the highest JCD and DSC values of 0.441 and 0.613, respectively.
Moreover, the incorporation of an uncertainty-guided weight update
strategy, leveraging Kullback-Leibler (KL) divergence, further yields the
highest Jaccard index and Dice coefficient values. These findings
emphasize the importance of incorporating uncertainty-aware method-
ologies, which indicates the potential of our proposed “UGSS”
architecture.

4.3.2. Effects of key process parameters

To thoroughly assess the impact of different key process parameters
on the model’s performance, we made experimental settings for pa-
rameters uncertainty threshold (8), Consistency loss weight (4,) and
wEMA decay factor (o’). Table 11 showcases the effects of varying un-
certainty threshold (58) values on segmentation performance metrics
such as Jaccard Index (JCD) and Dice Similarity Coefficient (DSC).

The results indicate that optimal performance is achieved when the
uncertainty threshold and Consistency loss weight are set to § = 0.7,
Au = 0.6 resulting in the highest segmentation scores. Additionally, we
examined the continuously varying wEMA decay factor and keep track
the metrics value. For decay factor o’ ~ 0.95, we ended up with a better
metrics performance. Fig. 15 visually demonstrates the necessity of fine-

Table 11
Impact of key process parameters on model performance metrics.

Paradigm Method  Key Process Scale JCD DSC
weighted exponential moving average (WEMA). Incorporating the Parameters
weighted exponentlal. mov1.ng av.erage (WE}MA) improves the perfor- Semi- UGss Uncertainty threshold 05 0.421 0598
mance across all metrics, reinforcing the efficacy of the proposed UGSS Supervised ) 0.6 0.384  0.601
method. 0.7 0.441  0.613
The Table 9 presents the comparative performance of the gg 8;‘?’ 8'5:2
. . . - . . .415 .587
Ul}certalnty-Gulded Seml-Supeersed' (UGSS) fr;'imewc’)rk with and Consistency loss weight 0.1 0350 0551
without the use of pseudo-label confidence. The inclusion of pseudo- () 0.2 0.354  0.587
label confidence significantly improves the model’s performance 0.3 0.371  0.590
across key metrics, including the Jaccard Index (JCD), Dice Similarity 0.4 0.362  0.603
Coefficient (DSC), and Pixel Accuracy (PA). This demonstrates that 0.5 0.396  0.581
do-label confid bles the model to fi liabl 06 044l 0613
pseu‘ Of abe co'n ence enables the r'no el to focus more on reliable 07 0402 0578
predictions, taking take of the uncertainty issues. 0.8 0.387  0.600
Table 10 presents a comprehensive analysis of loss functions, un- 0.9 0.364  0.591
certainty guidance, and weight update strategies in the context of semi- 10 0.409  0.604
Table 10
Ablation analysis of the proposed framework on PhysioNet dataset.
Paradigm Method Supervised Loss Consistency Loss Uncertainty Guided Weight Update Metrics
JCD DSC
Semi-Supervised UGSS v Smooth L; EMA 0.350 0.482
KL divergence 0.389 0.547
Smooth L; wEMA 0.374 0.489
KL divergence 0.391 0.562
Smooth L; v EMA 0.371 0.505
KL divergence 0.403 0.596
Smooth L; v wEMA 0.396 0.549
KL divergence 0.441 0.613
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Fig. 15. Effects of key process parameters on model performance.

tuning the key process parameters to ensure robust and accurate brain
hemorrhage segmentation in semi-supervised learning. The results
highlight the importance of carefully tuning process parameters to
maximize the proposed UGSS framework’s efficacy.

5. Conclusions

This study proposed an uncertainty aware mean teacher framework
for fully automated intracranial hemorrhage segmentation in brain CT
scans. We trained the proposed model using semi-supervised learning
technique which enables the exploitation of unlabeled data in the su-
pervised and unsupervised phases. To alleviate the label scarcity, we
trained the proposed model using semi-supervised learning technique,
which can effectively utilize the unlabeled data to improve segmenta-
tion performance. To eliminate the possible intricacy caused by the
noisy unlabeled data, we employed uncertainty quantification to guide
the overall training procedure. The experimental results have demon-
strated detection as well as the segmentation capabilities of the proposed
method. Additionally, we incorporate hemorrhage volume estimation
and 3D volumetric representation of brain hemorrhage, which offers a
comprehensive and accurate assessment of intracranial hemorrhages,
benefiting both clinical practice and research endeavors. This multi-
faceted approach holds great promise for improving patient care,
advancing medical knowledge, and ultimately mitigating the impact of
TBI on individuals and healthcare systems globally. While the proposed
framework demonstrates reasonable performance in brain hemorrhage
segmentation, there are several limitations worth acknowledging. The
framework was developed utilizing only a single imaging modality—CT
scans. However, clinical diagnosis and treatment planning often involve
multimodal imaging, such as MRI or PET scans, which provide com-
plementary pictorial information. This information is crucial for clinical
evaluations and decision making. Therefore, multi-modal imaging
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integration would add great potential to clinical settings. Another key
limitation of the current study is the relatively small sized dataset
(PhysioNet) used for training and evaluation. The limited dataset size
can impact the model’s ability to generalize the wide variety of clinical
cases. Expanding the dataset to include more diverse data across
different distributions, potentially would improve the model’s general-
ization capabilities. The computational complexity of the proposed
framework is substantial, primarily due to the need for multiple base
model’s forward passes with uncertainty estimation. This can result in
significant resource consumption and longer training periods. Future
work should explore strategies to reduce computational demands which
will increase efficiency in clinical environments. Due to the cost asso-
ciated with obtaining precise ground annotations, we aim to integrate
weakly labeled techniques in our future studies. Moreover, we plan to
employ a severity index regarding intracranial hemorrhage, which
potentially offers clinicians a more comprehensive understanding the
impact of brain hemorrhage, aiding in treatment planning, patient
monitoring, and overall decision-making.
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