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Abstract
Objective.Hemorrhagic stroke is a major global health problem requiring rapid and accurate
diagnosis for effective treatment. Despite advances, current computer-aided diagnosis (CAD)
frameworks rarely account for the functional impacts of hemorrhages on specific critical brain
regions and lack the detailed assessments essential for precise treatment. To provide detailed
insights into hemorrhages, we aim to propose a CAD framework for in-depth hemorrhagic stroke
assessment in computed tomography (CT). The framework includes segmenting hemorrhages and
critical brain regions, intraparenchymal hemorrhage (IPH) classification for identifying
hemorrhages in critical brain regions and detecting hemorrhage volume. Approach. To capture the
complex interactions between hemorrhages and critical brain regions, we developed the pairwise
hemorrhage-brain regions interaction (PHRI) Network. Its emphasis a novel interaction head that
integrates feature on hemorrhages, brain regions, and their interdependencies, enabling the model
to learn these relationships during training. In addition, a Global-Local Fusion Unit was
introduced to provide with image-wide contextual information, and an uncertainty-weighted loss
method was utilized to simultaneously optimise the multitask framework. With institutional
review board approval, an in-house hemorrhagic stroke dataset was collected, including 2,764CT
slices from 99 patients. A five-fold cross-validation was used to train and test the models.Main
Results. The proposed PHRI network was experimentally validated to effectively extract
hemorrhage brain region interactions, thereby significantly outperforming several state-of-the-art
models in both hemorrhage and critical brain region segmentation, with an average Dice of 0.9064
± 0.1079 (P < 0.05), as well as in IPH classification, with an F1-Score of 0.8366. Additionally, the
framework demonstrated good performance in hemorrhage volume detection, with an intraclass
correlation coefficient of 0.981. Significance. This study introduces a CAD framework for
hemorrhagic stroke assessment, offering a novel approach that emphasizes relationships between
hemorrhages and critical brain regions.

1. Introduction

Stroke is the second leading cause of death globally after heart disease, and has a profound impact on global
health (World Stroke Organization 2022). Beyond mortality, stroke is a primary contributor to disability,
imposing long-term rehabilitation challenges on survivors and diminishing their quality of life (Feigin 2021).
There are two main types of stroke: ischemic and hemorrhagic. Hemorrhagic strokes are typically more
severe, exhibiting a higher mortality rate and a higher severe disability rate (Kaae Andersen et al 2009).
Specifically, hemorrhagic stroke is initiated by cerebral blood vessel rupture, resulting in elevated brain tissue
pressure, unconsciousness, and hemiplegia (Qureshi et al 2001).
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To address the high mortality rate of stroke, timely and effective diagnosis is critical for initiating
immediate treatment and preventing further damage (George 2017). Especially for hemorrhagic strokes,
prompt diagnosis, and treatment are crucial to prevent rapid hematoma expansion in the brain and the
associated risk of severe outcomes (McGurgan et al 2021). Medical imaging tools, such as computed
tomography (CT) or magnetic resonance imaging (MRI), are commonly used to confirm the diagnosis of
strokes and determine the location and extent of bleeding. Compared to MRI, CT is the preferred initial
imaging choice in the acute emergency scenario of hemorrhagic stroke because of its swiftness and
cost-effectiveness (Macellari et al 2014, Hakimi and Garg 2016, Al Fauzi 2020). Notably, the pursuit of aiding
clinicians in achieving quicker stroke diagnoses using CT scans without sacrificing accuracy remains a
significant topic.

Recently, computer-aided diagnosis (CAD) systems have emerged as effective tools to aid clinicians in
swift and accurate diagnoses (Fujita 2020, Manjurul Ahsan et al 2022, Zhang et al 2024). Current CAD
systems designed for hemorrhagic strokes focus mainly on segmenting hemorrhagic lesions and classifying
intracranial hemorrhage (ICH) subtypes. Classification of ICH subtypes is fundamental for guiding the
treatment of hemorrhagic strokes. Various deep learning models have been developed to accurately classify
ICH subtypes, including intraparenchymal (IPH), intraventricular, epidural, subdural, and subarachnoid
hemorrhage (Chilamkurthy et al 2018, McLouth et al 2021, Wang et al 2022, Arman et al 2023, ElZemity et al
2023, Umapathy et al 2023). For instance, Chilamkurthy et al (2018), Arman et al (2023), and Umapathy et al
(2023) employed CNN architecture for ICH classification. In addition, ElZemity et al (2023) and Wang et al
(2022) employed Transformer-based architecture for hemorrhage detection and classification.

Although the aforementioned deep learning models have demonstrated promising accuracy, they seldom
consider the functional impacts of hemorrhages on specific critical brain regions, thereby constraining the
personalization and precision of treatments. Specifically, hemorrhage in various IPH regions can cause
diverse clinical symptoms and complications. For example, hemorrhage in the basal ganglia can result in
cognitive decline (Su et al 2007). Thalamus hemorrhage is also known to predominantly affect cognition
(Temel et al 2021). Movement disorders have also been found in patients with strokes in the thalamus and
basal ganglia (Park 2016). In addition, brainstem hemorrhages can result in significant disruptions in
consciousness, central hyperthermia, and a high risk of neurological complications (Chen 2021). In the case
of the cerebellum, hemorrhage may impair balance and coordination (Ibrahim et al 2022).

Therefore, to offer a more nuanced assessment of hemorrhagic strokes, a finer classification of IPH is
essential in clinical practice. The IPH classification identifies hemorrhages in critical brain regions, including
the basal ganglia, thalamus, brainstem, and cerebellum (Hillal et al 2022), which are known for their unique
location and important functions (Su et al 2007, Park 2016, Chen 2021, Temel et al 2021, Ibrahim et al 2022).
Such specificity is paramount for customizing therapeutic interventions, acknowledging that the exact
hemorrhage location and its relationship with critical brain regions significantly influence treatment
strategies. (Broderick 2007, Hostettler et al 2019, Zhu Suiqiang and Liying 2019, Al Fauzi 2020, Chen 2021,
Lv and Wei 2021).

To effectively and accurately classify IPH, it is necessary to design CAD methods capable of capturing the
relationships between hemorrhages and critical brain regions. In clinical practice, the relationships between
hemorrhage and brain regions can be categorized into non-contact, contact due to hemorrhage spread, and
hemorrhage originating within a brain region. A hemorrhage may be in contact with multiple brain regions,
but only a hemorrhage originating within a brain region is considered IPH. This originating relationship
between the brain regions and the hemorrhage can be considered an interaction. For instance, as shown in
figure 1, a hemorrhage may be in contact with more than one brain region, but this does not necessarily
indicate interaction, i.e. it does not necessarily mean that the corresponding brain regions have a
hemorrhage. Therefore, modeling an effective methodology for capturing hemorrhage-brain region
relationships is crucial.

Capturing such relationships requires accurate segmentation of hemorrhage and critical brain regions, as
well as robust modeling of their interaction. However, current hemorrhage-related segmentation methods
primarily focus on independently segmenting hemorrhagic lesions or brain regions and lack a dedicated
design to specifically model hemorrhage-brain interactions. For instance, Sugino et al (2024) implemented
convolutional neural networks (CNNs) with various skip connection methods to segment the basal ganglia.
Shu et al (2022) applied a U-Net architecture enhanced with efficient channel attention for the segmentation
of the cerebellum. Similarly, Retuci Pinheiro et al (2023) employed U-Net for thalamus segmentation. On the
hemorrhagic segmentation front, Dhar (2020), Peng et al (2022), Coorens et al (2023) relied on U-Net and
its derivatives. Furthermore, Nijiati et al (2022), Xiao et al (2024), and Piao et al (2023) explored the use of
Transformers for hemorrhage segmentation. Despite the proven effectiveness of these methodologies, there is
a lack of networks that explicitly model the interplay between hemorrhages and specific brain regions. This
limitation hinders the ability to enhance the performance of the hemorrhagic stroke assessment.
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Figure 1. As depicted in sub-figure (a), in a scenario where a hemorrhage contacts both the basal ganglia and the thalamus, the
gold standard classifies this IPH as a basal ganglia hemorrhage. To validate the interaction, we employed Gradient-weighted class
activation mapping (Grad-CAM) (Selvaraju et al 2019) on our proposed network, as illustrated in sub-figure (b). The
visualization highlights the hemorrhage and the bilateral basal ganglia, indicating that the hemorrhage is predominantly
associated with the basal ganglia.

In this study, our objective is to investigate an effective methodology for capturing hemorrhage-brain
region relationships, enabling accurate segmentation of hemorrhages and critical brain regions, as well as
precise classification of IPH. Significant progress has been made in understanding complex interactions
within the human-object interaction (HOI) detection task (Cho et al 2023, Park et al 2023, Tu et al 2023,
Zhang et al 2023). For example, Kim et al (2022) and Tamura et al (2021) proposed frameworks featuring an
interaction detection head to elucidate the relationships between humans and objects.

Motivated by the aforementioned HOI concepts, we present a pairwise hemorrhage-brain regions
interaction (PHRI) network. The proposed network can capture the relationships between hemorrhages and
critical brain regions. Importantly, we apply the proposed network to conduct an in-depth assessment of
hemorrhagic strokes. The main contributions of this study are summarized as follows:

(i) To conduct an in-depth assessment of hemorrhagic strokes, we proposed a framework including
hemorrhage segmentation, critical brain regions segmentation, IPH subtypes classification, and
hemorrhage volume detection.

(ii) To efficiently capture and exploit the relationships between hemorrhage and critical brain regions, we
developed a PHRI network. With the effect of sufficient hemorrhage-brain regions interaction, the
performance of hemorrhagic stroke assessment can be improved. In computer vision, the HOI field plays
a crucial role in exploring the interactions. Building on this, we introduced this concept to medical
imaging for the first time.

(iii) To further validate the interaction capabilities of PHRI, we implemented a post-segmentation
classification approach based on clinical experience. Experimental results demonstrate that our
interaction-based method models the relationships between hemorrhages and various brain regions
more effectively, leading to enhanced classification robustness.

(iv) To enhance the effectiveness of extracting image-wide contextual information, we introduced a flexible
global-local fusion unit (GLFU). This unit is designed to integrate global and local information and can
serve as a replacement for convolutional blocks.

The rest of the paper is structured as follows: section 2 describes the proposed framework, as well as the
additional clinical experience-based classification method. Section 3 presents the experimental setup,
compares the proposed method with state-of-the-art approaches, and presents several experiments. The
paper concludes with a discussion and a brief conclusion in sections 4 and 5.

2. Method

This section introduces the hemorrhagic stroke assessment framework, illustrated in figure 2. The framework
consists of two main phases: Phase 1, the PHRI network, and Phase 2, the Hemorrhage Assessment. In Phase
1, the PHRI network processes an input CT image and produces both a segmentation map and an interaction
vector. The segmentation map delineates both hemorrhagic and brain regions, while the interaction vector
captures the interactions between the hemorrhage and the corresponding brain regions. In Phase 2, these
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Figure 2. Overview of the proposed framework for hemorrhage assessment in brain CT scans: in Phase 1, the PHRI network
processes CT scans to produce a segmentation map and an interaction vector. Phase 2 assesses hemorrhagic stroke based on the
outputs from Phase 1, producing three distinct results: hemorrhage volume, segmentation, and classification. Hemorrhage
volume for each case is calculated by aggregating hemorrhage segmentation results across all slices, measured using the
voxel-based hemorrhage volume detection method. Segmentation results are directly obtained from the segmentation map, and
classification results are derived from the interaction vector.

outputs are utilized for a comprehensive hemorrhage assessment, generating three distinct results: the total
hemorrhage volume for each case, measured using the Voxel-Based Hemorrhage Volume Detection method,
which leverages the hemorrhage segmentation from the segmentation map; segmentation results for
hemorrhages and brain regions obtained directly from the segmentation map; and classification results
derived from the interaction vector. Together, these outputs provide a detailed, region-specific assessment of
hemorrhage for clinical evaluation. In addition to the PHRI network, we introduce a post-segmentation
classification approach based on clinical experience to classify the IPH subtype from the post-segmentation
result. This approach allows for comparison with the PHRI classification output. A more detailed
explanation of the approach can be found in the Clinical Experience-Based Classification Method section.

2.1. PHRI network
As illustrated in figure 3, this study introduces the PHRI network, which advances upon the foundational
U-Net architecture (Ronneberger et al 2015), preserving its encoder-decoder framework while innovating
with the inclusion of a hemorrhage-brain regions interaction head. The innovative interaction head replaces
the traditional expanding layer for precise hemorrhage-brain region relationships capturing. In addition, to
train the hemorrhage-brain regions interaction (HRI) feature map inside the interaction head efficiently, we
introduced a GLFU and a series of loss optimization methods. GLFU is a unit that integrates convolution
and self-attention mechanisms to capture global and local information, respectively. To train pairwise
interactions more efficiently in the training phase, we utilized the uncertainty weighting loss method
(Kendall et al 2018) for simultaneous optimization. More detailed explanations of these network
components are provided in the following sub-sections.

The architecture of the proposed PHRI network is based on an encoder-decoder structure. Initially, brain
CT images are embedded and subsequently processed through three-layer successive encoder blocks during
the encoding phase. Each scale encoder block processes the feature maps through three GLFUs, which are
then followed by a down-sampling layer. The specifically designed embedding employs a combinationof
convolutional layers, Gaussian Error Linear Unit (GELU) activation, and layernormalization (LN), and this
combination is repeated three times for initial feature extraction (Guo et al 2022). Following the encoding
process, the feature maps undergo a symmetric decoding process, resulting in HRI feature maps. The
framework further enters the interaction head, which facilitates the generation of segmentation outputs for
hemorrhage and brain regions along with interaction classification.

4
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Figure 3. Overview of the proposed PHRI network, which features an interaction head designed to capture pairwise relationships,
along with a GLFU to capture image-wide contextual information. The interaction head consists of a simultaneous segmentation
branch and an interaction branch to segment hemorrhage and brain regions and classify the hemorrhage originating brain
region, respectively.

2.1.1. Hemorrhage-brain regions interaction head
The hemorrhage-brain regions interaction head is designed to capture the relationships between hemorrhage
and brain regions, inspired by the interaction detection head commonly used to identify pairwise
interactions in HOI models (Tamura et al 2021, Kim et al 2022). A detailed illustration of this interaction
head is provided in figure 3.

During the forward propagation phase, CT images undergo feature extraction via the encoder-decoder
setup, culminating in the generation of a detailed HRI feature map while entering the interaction head. The
detailed HRI feature map delineates the intricate hemorrhage-brain region relationships and is subsequently
divided into two pathways: the simultaneous segmentation branch and the interaction branch, which
together constitute the interaction head. The interaction branch is inspired by the use of the feedforward
network to transform feature representations into a predictive interaction vector (Liu et al 2021, Tamura et al
2021, Kim et al 2022). In this branch, the HRI feature map is flattened and processed through two fully
connected layers (FCLs), with the resulting vector serving as the final output for interaction classification.
Meanwhile, the simultaneous segmentation branch employs a combination of deconvolution (DeConv), LN,
GELU activation, and convolutional layers, with this combination repeated three times. This sequence
reverses the embedding process and restores the feature map to its original dimensions, producing
segmentation outputs for both hemorrhagic and critical brain regions, inspired by the expanding layer
design in Guo et al (2022).

During the backpropagation, the interaction head is introduced to ensure that the HRI feature map
serves as a conduit, facilitating effective information transfer between the simultaneous segmentation and
interaction branches. Initially, the segmentation and interaction branches compute their losses. After
applying uncertainty weighting, the features from both branches are integrated back into the HRI feature
map. By encoding pairwise interactions as a learnable vector, where each component represents the
hemorrhage in the corresponding brain region, the model directly captures the hemorrhage-region
relationships within the HRI feature map. This allows the network to focus on relevant hemorrhage-brain
region pairs, thereby improving feature extraction in both the segmentation and interaction branches. This
pairwise interaction strategy also generalizes to cases with hemorrhages in multiple brain regions.

5
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Figure 4. Detailed illustration of GLFU, highlighting the collaborative function of Depthwise Separable Convolution (Dws-Conv)
and Transformer branches in enhancing image-wide contextual information. Sub-figure (a) depicts the overall GLFU
architecture, while sub-figures (b) and (c) display the workflows of the Transformer and Dws-Conv branches, respectively.

2.1.2. GLFU
To provide the interaction head with comprehensive information, we propose the GLFU, which combines
convolution and self-attention mechanisms. GLFU is a parallel branch unit that effectively integrates global
and local information, offering two main advantages. First, it enables efficient fusion of global and local
information, provided with contextual information. Second, it can seamlessly replace convolutional blocks in
backbone architectures without disrupting their overall structure. As illustrated in figure 4(a), GLFU features
two distinct parallel branches: Transformer and Depthwise Separable Convolution (Dws-Conv) (Chollet
2017). Initially, the input undergoes a Dws-Conv, and its outcomes are then processed using the parallel
branches. The final process involves fusing the parallel branch outputs through an FCL.

2.1.2.1. Transformer branch
The Transformer branch utilizes the (Shift) Window Multi-head self-attention ((S)W-MSA) mechanism (Liu
et al 2021) to efficiently extract and refine global information features, thereby enhancing the model’s
understanding of spatial relationships. There are two specially designed components in the Transformer
branch. First, the Transformer branch conducts a systematic sequence of patch partitioning, (S)W-MSA, and
patch aggregation, as illustrated in figure 4(b). These processes enable consistent feature extraction without
altering the input and output dimensions of the feature map, making the Transformer branch compatible for
integration with the GLFU. Second, the shift-window strategy was implemented to merge the cross-window
information. This approach builds upon the initial partitioning window, shifting the sub-windows
diagonally by a predetermined pixel distance to generate overlap. Within the pyramid hierarchy of a PHRI,
each scale comprises three GLFUs, with the shift-window operation exclusively applied to the second GLFU.

The procedure for the Transformer branch is as follows. Initially, the Patch Partitioning phase divides
the input feature map, denoted by H×W×C, into sub-windows with pre-defined dimensions
H×W
WS2 ×WS×WS×C, where WS represents the sub-window size. Subsequently, the process enters the Swin
Transformer Block (Liu et al 2021), wherein query, key, and value vectors are produced within each
sub-window via linear transformations. MSA is employed to bolster global coherence and enrich the feature
representation. Following MSA, a two-layer multilayer perceptron (MLP) with GELU activation further
processes the output. An LN layer is applied before each MSA module and each MLP, and a residual
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connection is applied after each module. Finally, the Patch Aggregation stage merges the processed
sub-feature maps back to their original dimensions, H×W×C, ensuring the comprehensive preservation of
refined features for subsequent processing.

2.1.2.2. Dws-Conv branch
The Dws-Conv branch is specifically designed to extract features from local information with high efficiency,
as illustrated in figure 4(c). Each channel of the input feature map represented as H×W×C, is processed
independently through depthwise convolution, using a separate convolutional kernel of size K ×K for each
of the C channels, with padding applied to preserve the output dimensions. This operation emphasizes the
spatial features within the channels without inter-channel mixing. Subsequently, the first pointwise
convolution (Pwconv) expands the feature dimension to 4 C, enabling cross-channel integration of features.
Finally, a second Pwconv refines the feature map, reducing the dimensionality back to C. Through the design,
the Dws-Conv branch ensures the extraction of local-rich features.

2.1.3. Training loss optimization
To train the proposed PHRI network more effectively, we utilized an uncertainty-weighted loss method for
the simultaneous optimization. In this study, the segmentation task was optimized using a combination of
Dice loss and cross-entropy (CE) loss, and the classification task was optimized with Focal loss. Ultimately, by
applying the uncertainty weighting method to the loss functions, synchronized optimization was achieved.

2.1.3.1. Focal loss in interaction classification
In the realm of interaction classification, where class imbalance poses a significant challenge, Focal loss (Lin
et al 2017) emerges as a pivotal tool. By integrating Focal loss, the model intensifies its focus on training
instances associated with hemorrhage, thereby amplifying the impact of the harder-to-classify examples.

2.1.3.2. Dice and CE loss in segmentation
In our segmentation branch, our objective is to efficiently and synergistically segment hemorrhages and brain
regions. To achieve this, we adopt a combined Dice+CE loss strategy, which integrates the class imbalance
mitigation offered by Dice loss with the pixel-level classification precision of CE loss. Ma et al (2021) validates
the robustness of the composite loss function. By leveraging the advantages of both losses, we can effectively
address the issue of varying levels of label imbalance in the segmentation of brain regions and hemorrhages.

2.1.3.3. Uncertainty to weight losses
To optimize the weights of the segmentation and classification losses, we employ the uncertainty-weighted
loss method proposed by Kendall et al (2018). This method derives a multi-task loss function based on
maximising the Gaussian likelihood with homoscedastic uncertainty.

For each task, the method defines the likelihood as a Gaussian with the mean given by the model’s
output. Based on this assumption, in maximum likelihood inference, the method maximizes the
log-likelihood, can be written as:

logp
(
y | fW (x)

)
∝− 1

2σ2
∥y− fW (x)∥2 − logσ. (1)

Here, σ represents the model’s observation noise parameter, where fW(x) is the output of model with
weightsW applied to the input x, and the model’s output is denoted by y. Then, maximize this log-likelihood
with respect to the model parametersW and the observation noise parameter σ. This is equivalent to
minimizing the negative log-likelihood, which leads to the following minimization objective for our
multi-output model: L(W,σseg,σcls), representing our loss function.

L
(
W,σseg,σcls

)
=− logp

(
yseg,ycls | fW (x)

)
=

1

2σ2
seg

Lseg (W)+
1

2σ2
cls

Lcls (W)+ logσsegσcls. (2)

Finally, the method minimises the negative log-likelihood objective with respect to σseg and σcls as
learning the relative weight of the losses Lseg(W) and Lcls(W) adaptively, based on the data.

2.1.4. Hemorrhage volume detection
2.1.4.1. Clinical adoption method
In clinical practice, the hemorrhage volume, which is crucial for surgical decision-making, is frequently
estimated using the Coniglobus Formula. The formula, detailed in Hakimi and Garg (2016),
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Figure 5. Schematic illustration of the clinical experience-based classification method.

Hillal et al (2022), is as follows:

Hemorrhage Volume=
Length×Width×Height

2
. (3)

The Coniglobus Formula requires identifying the maximum cross-sectional area of the hemorrhage by
measuring its greatest length and width, followed by determining the height by assessing the highest point
perpendicular to this cross-sectional plane. However, this method has several limitations. Manual
calculations by physicians can lead to variability, and the oversimplification may result in inaccurate volume
estimations of irregularly shaped hemorrhages.

2.1.4.2. Voxel-based hemorrhage volume detection
In addition to the widely used Coniglobus formula, manual methods have been employed for volume
estimation (Hillal et al 2022). These methods involve segmenting the hemorrhage, measuring the hematoma
area, and multiplying it by the slice thickness. However, manual processes, particularly hand segmentation,
are time-consuming. To address this issue, automatic approaches have been developed to expedite results by
automating the segmentation process (Peng et al 2022). Our implementation adopts this approach while
utilizing our PHRI segmentation results. Notably, the accuracy of the method is highly dependent on the
quality of the segmentation results. Specifically, we first stack the 2D segmentation output slices along the
z-axis to form a 3D hemorrhage volume, then calculate the number of voxels within the hemorrhage region,
converting the voxel count into a volume measurement using voxel size information, as the equation as
follows:

VHemorrhage = Vvoxel ×N (4)

Vvoxel = sx × sy × t (5)

where VHemorrhage represents the total hemorrhage volume, Vvoxel denotes the volume of each voxel,
calculated as the product of sx and sy, which are the pixel spacing in the x- and y-directions, respectively, and
t, the slice thickness in the z-direction, N represents the total number of voxels within the hemorrhage
region, determined through image segmentation.

2.2. Clinical experience-based classificationmethod
To provide a comparison with PHRI, we developed a clinical experience-based classification method to
process the segmentation outcomes, as shown in figure 5. The developed method classifies the segmentation
results into different IPH subtypes by computing the contact between hemorrhage and brain regions.

Following the segmentation of hemorrhages, the physician assessed the hemorrhage in alignment with
the established clinical principles and professional judgment. Given the qualitative nature of a physician’s
insight, our analysis of the hemorrhage location was exclusively grounded in clinical principles as advised by
our collaborating physicians. First, hemorrhage presenting as a homogeneous mass with continuity is
typically classified as a singular hemorrhagic event. Depending on the patient, it is possible for there to be
multiple homogeneous masses. Second, the classification of specific subtypes of hemorrhagic events is
contingent upon analyzing the center of the hemorrhagic mass and its spatial relationship with adjacent
brain regions.

Consequently, the initial step involves delineating the hemorrhagic events using connectivity analysis.
Secondly, each hemorrhagic event is analyzed by identifying the central slice, which is the 2D slice with the
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Table 1. Experiment setup of hemorrhagic stroke assessment.

Configuration Parameters

GPU GeForce RTX 4090 24GB
Deep learning framework PyTorch 1.7

Learning rate 0.00 013
Batch size 8
Segmentation loss function CE+Dice loss
Classification loss function Focal loss Lin et al (2017)
Loss optimization strategy Uncertainty-weighted loss Kendall et al (2018)
Optimizer Adam

largest volume of hemorrhage. Subsequently, the degree of contact in the central slice is quantified for each
event. Finally, all results of the hemorrhage events were summarized and considered as the classification
outcome. To quantify the degree of contact, we employed a computational approach to calculate boundary
contact

Boundary contact rate=
Contact boundary length(Hemorrhage,Critical brain regions)

Perimeter(Hemorrhage)
. (6)

This formula calculates the ratio of the contact boundary length between the hemorrhage and critical
brain regions to the total perimeter of the hemorrhage. The method uses contact boundary
length(Hemorrhage, Critical brain regions) to measure the shared boundary length between the hemorrhage
and the specified brain regions. Perimeter(Hemorrhage) is used to measure the total perimeter of the
hemorrhage.

3. Experiments and results

3.1. Dataset and preprocessing
With institutional review board approval, an in-house hemorrhagic stroke CT scan dataset was collected,
including 2764 CT slices from 99 patients. Each patient’s scans consist of 20 to 35 axial slices, each with a
thickness of 5mm and pixel spacing ranging from 0.42 to 0.49mm. Each slice has a resolution of 512× 512
pixels.

An experienced radiologist meticulously drew masks for both the hemorrhagic areas and four key brain
regions: the cerebellum, brain stem, basal ganglia, and thalamus. The hand-segmented masks served as
reference standards in this study. Furthermore, CT imaging reports for all patients were collected, and the
IPH classification labels were extracted from these reports. During the construction of the classification
dataset, slices containing hemorrhage for each patient were labeled according to their CT imaging reports,
while non-hemorrhagic slices were designated as negative samples. Finally, the classification dataset includes
157 cerebellum samples, 168 brainstem samples, 322 basal ganglia samples, and 135 thalamus samples,
reflecting the distribution of critical brain regions affected by hemorrhage.

To validate the experiment’s reliability, we performed five-fold cross-validation in both the comparison
study and ablation study. The dataset was randomly partitioned into five folds in a patient-based manner. In
each iteration, four folds were utilized for training and validation, and the remaining one was utilized for
testing. The process was repeated five times until each of the five folds had been used as a testing set.
Five-fold cross-validation verifies the credibility of the results. In data preprocessing, we normalized the data
and applied common augmentation techniques, including random flips, rotations, Gamma transformations,
and cropping, to mitigate potential overfitting and enhance model robustness.

3.2. Experimental environment and parameters
The proposed PHRI was achieved based on Python 3.7 and PyTorch 1.7. Our training environment was
powered by an NVIDIA GeForce RTX 4090 equipped with 24GB of VRAM. The initial learning rate was
meticulously set to 0.00 013, with the Adam optimizer being instrumental in enhancing the model’s
performance. We stopped the training if the validation loss did not decrease in five epochs, and the network
resulting in the lowest validation loss was selected and deployed on the test set. For segmentation tasks, a
blend of CE and Dice loss functions was applied, while Focal loss (Lin et al 2017) was employed for
classification objectives. An uncertainty-weighted loss (Kendall et al 2018) was selected as the loss
optimization strategy. Details of the overall training configuration are delineated in table 1.
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Table 2. Dice comparison across different models with mean values and standard deviations. Bold values highlight the best performance
achieved for each brain region or hemorrhage category.

Hemorrhage Cerebellum Brainstem

U-Net 0.8422± 0.3030 0.8710± 0.2666 0.8993± 0.2208
Segformer 0.8819± 0.2502 0.8933± 0.2225 0.9101± 0.1824
AttFocusNet 0.8750± 0.2627 0.8889± 0.2413 0.8996± 0.2147
OURs 0.8801± 0.2271 0.9014± 0.1874 0.9218± 0.1481

Basal Ganglia Thalamus Average

U-Net 0.8415± 0.3048 0.8639± 0.3021 0.8636± 0.1666
Segformer 0.8881± 0.2407 0.9232± 0.2137 0.8991± 0.1298
AttFocusNet 0.8692± 0.2707 0.8943± 0.2609 0.8854± 0.1472
OURs 0.8958± 0.2153 0.9330± 0.1784 0.9064± 0.1079

Table 3.HD 95 comparison across different models with mean values and standard deviations. Bold values highlight the best
performance achieved for each brain region or hemorrhage category.

Hemorrhage Cerebellum Brainstem

U-Net 6.2139± 18.9362 6.9198± 14.0796 3.8990± 9.1804
Segformer 5.6515± 15.4741 6.8663± 13.1135 4.0836± 8.7792
AttFocusNet 5.7469± 17.3230 6.3560± 13.5147 3.5702± 7.4091
OURs 4.5322± 12.2453 5.3918± 7.0335 3.0581± 3.6979

Basal Ganglia Thalamus Average

U-Net 5.7488± 14.7121 3.1642± 10.4990 5.1899± 7.3361
Segformer 5.8461± 14.8944 2.7643± 9.1743 5.0424± 6.6465
AttFocusNet 6.2323± 16.0610 3.2530± 10.6473 5.0317± 7.1491
OURs 4.6495± 10.3236 2.5037± 6.5985 4.0271± 4.2409

3.3. Results and evaluations
In the Experiment Result section, we will first compare our interaction classification as well as hemorrhage
and brain region segmentation results with the state-of-the-art and use a T-TEST to provide persuasive
evidence. To verify the capability of capturing interactions, experiments on Gard-CAM (Selvaraju et al 2019)
were carried out. Secondly, the ablation study proves that the designs including GLFU and interaction head
are effective. Finally, we compared the Coniglobus formula with our approach for computing hemorrhage
volume.

3.3.1. Comparison with the competing methods
To validate the superiority of our proposed method, we evaluated the performance of different neural
networks in segmentation, classification, and interaction visualization. We selected three competing
segmentation models, including U-Net (Ronneberger et al 2015), AttFocusNet (Peng et al 2022), and
Segformer (Xie et al 2021). U-Net is an encoder-decoder neural network architecture commonly used in the
medical field. AttFocusNet is the newest version of U-Net that has been improved specifically for brain
hemorrhage tasks. Segformer is a Transformer architecture designed for segmentation tasks. The following
experiments include a comparison of segmentation and classification metrics, image visualization, and
Grad-CAM.

3.3.1.1. Hemorrhage and brain-regions segmentation results
For the comparison of segmentation results, we chose the Dice coefficient, 95% Hausdorff Distance (HD 95),
and Mean Intersection over Union (MIoU) as evaluation metrics, which are crucial in assessing the quality of
segmentation. Tables 2–4 summarize the test results of different methods obtained from 5-fold
cross-validation, presented as mean values with standard deviations. Based on these results, it is evident that
the proposed method outperformed all competing methods in the average of all segmentation metrics.

A two-tailed paired T-TEST was conducted to examine the differences in pairwise performance metrics
between our method (OURs) and other methods (U-Net, AttFocusNet, Segformer). As shown in table 5, the
improvement in the average values of all segmentation performance metrics by our proposed method was
statistically significant compared to the competing methods (p< 0.05).
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Table 4.MIoU comparison across different models with mean values and standard deviations. Bold values highlight the best
performance achieved for each brain region or hemorrhage category.

Hemorrhage Cerebellum Brainstem

U-Net 0.8082± 0.3146 0.8375± 0.2842 0.8642± 0.2415
Segformer 0.8480± 0.2708 0.8567± 0.2522 0.8696± 0.2139
AttFocusNet 0.8420± 0.2796 0.8556± 0.2624 0.8627± 0.2379
OURs 0.8623± 0.2460 0.8805± 0.2129 0.8985± 0.1759

Basal Ganglia Thalamus Average

U-Net 0.8106± 0.3251 0.8438± 0.3170 0.8329± 0.1829
Segformer 0.8569± 0.2739 0.9036± 0.2387 0.8670± 0.1495
AttFocusNet 0.8386± 0.2967 0.8742± 0.2809 0.8546± 0.1655
OURs 0.8777± 0.2433 0.8998± 0.2026 0.8838± 0.1255

Table 5. P-values for statistical significance tests across different average segmentation metrics.

Metric OURs vs U-Net OURs vs AttFocusNet OURs vs Segformer

Dice P < 0.001 P < 0.001 P = 0.0162
HD 95 P < 0.001 P < 0.001 P < 0.001
MIoU P < 0.001 P < 0.001 P = 0.0089

Table 6. Comparative results across various models on different classification metrics. Bold values highlight the best classification
performances.

Hamming Loss Overall Precision Overall Recall Overall F1-Score

U-Net 0.2176 0.6353 0.7714 0.6968
Segformer 0.1759 0.7463 0.7143 0.7299
AttFocusNet 0.2130 0.6623 0.7286 0.6939
OURs 0.1157 0.7711 0.9143 0.8366

3.3.1.2. IPH subtypes classification results
The IPH subtypes classification is the primary test task in this study, which is directly related to the quality of
the relationships captured. To compare our classification results, we have chosen hamming loss, overall
precision, overall recall, and overall F1-Score as classification metrics. These metrics are crucial for
evaluating the multi-label classification tasks. Hemorrhages are typically ellipsoid in shape (Hillal et al 2022)
and expand gradually from their origin (Qureshi et al 2001). Consequently, our framework uses the slice
with the largest hemorrhage volume during testing to represent the central region and probable origin of the
hemorrhage, serving as the basis for classification. For the three competing models, which did not directly
output classification results, we applied the proposed clinical experience-based post-segmentation
classification method to their outputs to obtain comparable classification results. Table 6 summarizes the
classification test results of different methods obtained from five-fold cross-validations. The proposed
method outperformed other competing methods in all classification metrics, with bold values highlighting
the effectiveness of the proposed hemorrhage-brain regions interaction head.

3.3.1.3. Visual performance analysis
Figure 6 illustrates the segmentation results of different models in delineating hemorrhagic brain regions.
Both scenarios, including those involving only brain regions and more complex cases with multiple brain
regions and hemorrhages, are visualized. Our proposed method outperforms other models, particularly in
complex cases where multiple brain regions and hemorrhage coexist.

3.3.1.4. Comparisons on Gradient-weighted Class Activation Mapping (Grad-CAM)
To further validate the relationship extraction capability of our method, we visualized and compared the
Grad-CAM (Selvaraju et al 2019) of the aforementioned methods, as detailed in figure 7. We configured the
target layers to the HRI feature map within the interaction head to assess interaction capture, while for the
competing networks, the target layers were set to the corresponding feature layers. The target class was
uniformly designated as hemorrhage. In the figure, the classification gold standard for row 1 is brain stem
hemorrhage, row 2 is cerebellum hemorrhage, row 3 is basal ganglia hemorrhage and row 4 is concurrent
hemorrhage in the basal ganglia and thalamus.
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Figure 6. Visual comparison of segmentation outputs between our model and competing models.

Figure 7. Examples of visual comparisons using Grad-CAM in the study highlight PHRI’s ability to capture interactions between
hemorrhages and critical brain regions, closely aligning with the labels. The hemorrhage label is represented in pink.
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Table 7. Segmentation performance of model variants, illustrating incremental improvements from the baseline U-Net to more
advanced configurations (+IDW,+ITR,+SSG,+MSG and+MSG+IH) across different metrics. Bold values indicate the best
performance achieved in each metric.

Dice(AVG) HD 95(AVG) MIoU(AVG)

Baseline(U-Net) 0.8636± 0.1666 5.1892± 7.3361 0.8328± 0.1829
+IDW 0.8867± 0.1301 4.4003± 5.9619 0.8566± 0.1474
+ITR 0.8965± 0.1295 4.4617± 5.9809 0.8676± 0.1475
+SSG 0.8942± 0.1303 4.0950± 6.0496 0.8638± 0.1483
+MSG 0.8975± 0.1282 4.2528±5.7763 0.8661± 0.1464
+MSG+IH 0.9064± 0.1079 4.0271± 4.2409 0.8838± 0.1255

Table 8. Classification performance of model variants, illustrating incremental improvements from the baseline U-Net to more
advanced configurations (+IDW,+ITR,+SSG,+MSG and+MSG+IH) across different metrics. Bold values indicate the best
performance achieved in each metric.

Hamming Loss Overall Precision Overall Recall Overall F1-Score

Baseline(U-Net) 0.2176 0.6353 0.7714 0.6968
+IDW 0.1864 0.6666 0.8011 0.7277
+ITR 0.1806 0.7222 0.8324 0.7734
+SSG 0.1528 0.7317 0.8571 0.7895
+MSG 0.1435 0.7468 0.8429 0.7919
+MSG+IH 0.1157 0.7711 0.9143 0.8366

According to Grad-CAM, we found that U-Net’s attention is focused locally on the input, while
Segformer can capture global information but lacks focus on relevant brain regions. AttFocusNet can detect
the hemorrhage and all brain regions but lacks concentrated attention on the IPH-related brain regions. Our
proposed model uniquely associates hemorrhage with the pertinent brain regions. For example, in
rows 1 and 2, where the hemorrhage is in contact with both the cerebellum and brain stem, our model can
distinguish different IPH types by focusing solely on the interaction-related critical brain region and
hemorrhage.

3.3.2. Ablation study
We conducted an ablation study to validate the effectiveness of the proposed modules, as presented in
tables 7 and 8. Several model variants were evaluated:

(1) Baseline (U-Net): standard encoder–decoder U-Net architecture.
(2) +IDW (Isolated Depthwise Separable Convolution branch): replace all the convolution blocks at all

scales with the proposed GLFUs, but only retain the depthwise separable convolution branch within
each GLFU, removing the transformer branch.

(3) +ITR (Isolation Transformer branch): replace all the convolution blocks at all scales with the proposed
GLFUs, but only retain the transformer branch within each GLFU, removing the depthwise separable
convolution branch.

(4) +SSG (Single-Scale GLFU): replace all the convolution blocks in the bottleneck scale of the
encoder-decoder U-Net with the proposed GLFUs.

(5) +MSG (Multi-Scale GLFU): replace all the convolution blocks in all scales with the proposed GLFUs.
(6) +MSG+IH (Interaction Head): Integrates interaction head into the MSG to capture relational features,

enabling segmentation and interaction classification outputs.

For both segmentation and classification, we used the same evaluation metrics as those used in
comparing with competing methods. Similar to the comparison study, our proposed method involves
selecting the slice with the largest hemorrhage volume to represent each patient’s classification result.
Additionally, the clinical experience-based post-segmentation classification method was applied to the
baseline,+IDW,+ITR+SSG, and+MSG models, as these models did not produce direct classification
outputs, allowing us to derive their classification results.

The results of the ablation study indicate that the addition of an interaction head or a gradual increase in
GLFU has a beneficial effect on the outcomes of the segmentation and classification processes. Initially,
integrating the GLFUs into the bottleneck scale (+SSG) enhances both the segmentation and classification
capabilities of the network. This approach aligns with the implementation of the current CNN-Transformer
models proposed for hemorrhage lesion segmentation (Nijiati et al 2022, Piao et al 2023). Subsequently,
modifying from the Single-Scale GLFU, experiments confirms that extending the GLFUs to all scales
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Figure 8. Examples of visual comparisons using Grad-CAM across the ablation study, showcase (+IH) enhanced ability to
capture interactions between hemorrhages and critical brain regions, aligning closely with the labels. The hemorrhage label is
represented in pink.

Table 9. Compared the consistency of the proposed method and the Coniglobus Formula with the gold standard in hemorrhage volume
detection.

Method Consistency

Coniglobus Formula 0.701
OURs 0.981

(+MSG) enables more efficient feature capture. Finally, incorporating the interaction head (+MSG+IH)
allows the network to better capture pairwise hemorrhage-brain relationships, further improving
classification and segmentation performance.

Furthermore, to evaluate the effectiveness of feature fusion derived from the standalone depthwise
separable convolution and transformer branches, we conducted a comparative analysis between models
incorporating only the depthwise separable convolution branch (+IDW), only the transformer branch
(+ITR), and the GLFU maintaining both branches in parallel (+MSG). The results indicate that integrating
both local and global feature fusion enhances the performances.

3.3.2.1. Comparisons on Grad-CAM
To further validate the effectiveness of the interaction head (+IH), we performed the Grad-CAM
visualization analysis, with the same settings as in the comparison study, as detailed in figure 8. The results
demonstrate how the heat map evolves as the proposed modules are incrementally integrated. Initially, we
observed localized attention in the Baseline, and a similar pattern was maintained when applying depthwise
separable convolution (+IDW). Introducing the GLFU at the bottleneck (+SSG) expands the attention field.
Furthermore, when transformers are applied at all scales (+ITR and+MSG), the network captures global
information but lacks precise focus on relevant brain regions. Finally, only with the application of the
interaction head (+IH) does the network accurately direct its attention to both the hemorrhage and the
corresponding brain regions.

3.3.3. Hemorrhage volume detection comparison
In this comparison, we evaluated the accuracy of the Voxel-Based Hemorrhage Volume Detection method
applied to PHRI segmentation results against clinical practice using the Coniglobus Formula. The gold
standard was established using manual volume estimation methods, based on radiologists meticulously
drawing masks (Hillal et al 2022). To evaluate the results of hemorrhage volume detection, we applied the
intraclass correlation coefficient (ICC) to assess the consistency and accuracy of our algorithm and the
Coniglobus Formula with the gold standard, respectively. The results are shown in table 9 highlighting the
superior performance of our method.
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Figure 9. Consistency of hemorrhage volume detection: this plot compares the proposed method (red) and the Coniglobus
Formula’ (blue) against gold standard measurements.

We also demonstrated the effectiveness of our method with a scatterplot (figure 9) showing linear
regression lines for actual and two method-estimated hemorrhage volumes. Confidence intervals on the
regression lines highlight the precision and reliability of our method.

4. Discussion

This study explores a comprehensive hemorrhagic stroke assessment CAD system. Although earlier studies
also have segmentation and classification methods related to hemorrhagic stroke, a method that portrays the
relationships between hemorrhage and critical brain regions and meticulously diagnoses hemorrhage in
brain regions is lacking. Therefore, we present a PHRI network, which can capture the relationships between
hemorrhages and critical brain regions. Of greater significance, we apply the proposed network to conduct
an in-depth assessment of hemorrhagic strokes, including hemorrhage segmentation, critical brain regions
segmentation, IPH subtypes classification, and hemorrhage volume detection. The proposed CAD system
has the potential to enhance personalized patient care, improve treatment outcomes, and increase the
accuracy of prognostic assessments.

Our framework provides clinicians with essential, multifaceted hemorrhage information including a
refined IPH classification method and a hemorrhage volume detection. Firstly, the current ICH classification
method broadly localizes hemorrhages but often neglects the functional impacts on specific critical brain
regions, limiting the customization and precision of treatment strategies. For instance, in the basal ganglia,
stereotactic puncture is an effective minimally invasive procedure that reduces postoperative rebleeding risk
(Zhu Suiqiang and Liying 2019), while blood pressure control is crucial for managing hemorrhage in this
region (Al Fauzi 2020). Similarly, in the thalamus, stereotactic puncture is also a viable approach for treating
hemorrhage (Lv and Wei 2021). In the thalamus, brain stems, and in cases of large hemorrhage, the resulting
prolonged fever requires targeted treatment (Zhu Suiqiang and Liying 2019). In the brainstem, hemorrhage
is primarily managed through conservative treatment, focusing on maintaining vital signs, controlling blood
pressure and cerebral edema, and preventing complications (Chen 2021), while cerebellar hemorrhages that
compress the brainstem necessitate immediate surgical intervention (Broderick 2007, Hostettler et al 2019,
Zhu Suiqiang and Liying 2019). Thus, we propose a refined IPH classification method that accurately
identifies hemorrhages in critical brain regions, facilitating more precise treatment planning. The
classification results from the experiments validate the efficiency of the proposed method. Secondly,
determining hemorrhage volume provides a crucial basis for doctors to assess the severity, guide treatment,
and improve patient outcomes (LoPresti et al 2014). Compared to the Coniglobus formula, our proposed
method for detecting hemorrhage volume demonstrates closer consistency with the gold standard.
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Our network design effectively captures the interactions between hemorrhages and critical brain regions,
offering two notable advantages. Firstly, emphasizing interactions between hemorrhages and critical brain
regions significantly improves classification, resulting in reduced prediction of incorrect labels (hamming
loss) and enhanced accurate identification of correct labels (overall precision, overall recall, and overall
F1-score). Secondly, emphasizing interactions enhances segmentation capabilities, as evidenced by the
improved segmentation performance observed in the ablation study with the addition of the interaction
head. This enhancement is potentially attributed to the interactions’ ability to effectively manage scenarios
involving multiple brain regions and hemorrhages. The Grad-CAM visualizations in figures 7 and 8
demonstrate that the network with the interaction head can differentiate similar cases with multiple brain
regions, such as brain stem and cerebellum involvement (rows 1 and 2) and basal ganglia and thalamic
involvement (rows 3 and 4). Despite these similarities, the network effectively distinguishes between different
conditions, focusing on the hemorrhage and the associated brain regions. As depicted in figure 6, the visual
segmentation results involving multiple brain regions and hemorrhages, particularly in the first three rows,
demonstrate that our model accurately and comprehensively distinguishes and segments cases involving
multiple brain regions and coexisting hemorrhages.

Nevertheless, this research has its limitations. The training dataset necessitates a significant workload for
labeling, including hemorrhage masks, brain region masks, and hemorrhage classification obtained from
imaging reports, resulting in a limited dataset size. We will continue to expand our dataset to further enhance
the performance of our CAD framework. However, establishing a gold standard for segmentation and
classification suitable for CAD tasks constitutes a significant effort. To alleviate the burden on medical
practitioners and to improve the robustness of our model, we intend to explore semi-supervised or
unsupervised methodologies to augment the training dataset. Furthermore, given the critical need for timely
and accurate diagnosis in hemorrhagic stroke cases (George 2017), the proposed framework focuses on CT,
the preferred initial screening tool for stroke diagnosis in clinical practice. However, incorporating additional
imaging modalities could provide valuable complementary information in specific conditions (Hakimi and
Garg 2016). Thus, in future work, we plan to integrate multimodal imaging to enhance the understanding of
ICH.

5. Conclusion

In conclusion, this study presents a comprehensive CAD system for the diagnosis of hemorrhagic stroke. We
propose a PHRI network, which is capable of capturing the relationships between hemorrhages and critical
brain regions. Importantly, we apply the proposed network to conduct an in-depth assessment of
hemorrhagic strokes, including hemorrhage segmentation, critical brain regions segmentation, IPH subtypes
classification, and hemorrhage volume detection. Experimental results showed the superior performances of
the proposed CAD method, outperforming several state-of-the-art methods. Moreover, we conducted
ablation studies to verify the effectiveness of each proposed module. The proposed CAD system has the
potential to enhance personalized patient care, improve treatment outcomes, and increase the accuracy of
prognostic assessments.
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