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Attention-based Fusion for Stroke Lesion Segmentation on
Computed Tomography Perfusion Data
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of Technology Silchar, India
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Technology Silchar, India
ZULFIQAR ALI, School of Computer Science and Electronic Engineering (CSEE), University of Essex,
Colchester, United Kingdom
GHULAMMUHAMMAD∗, Department of Computer Engineering, College of Computer and Information
Sciences, King Saud University, Riyadh, Saudi Arabia

In recent times, stroke has emerged as a significant threat to humans, transforming affected brain tissue into
core and penumbra regions. As the penumbra becomes irreversible over time, early core region segmentation
is crucial. Automatic segmentation systems offer an efficient alternative to manual segmentation and aid
radiologists in stroke lesion segmentation using Computed Tomography and Computed Tomography Perfusion
(CTP) maps that comprise four parameter maps. This automatic segmentation is increasingly used in interactive,
multimedia-based systems for diagnostic tools and AI-driven health applications. Top-performing models
that follow the patch processing approach suffer from high inference times. To incorporate effective feature
extraction at image-level inferences, which reduces the inference time, we present a hybrid fusion technique
that combines early and bottleneck fusion, leveraging two separate encoders for effective feature extraction.
Moreover, fusing the information from various fusion methods arbitrarily may not yield optimal results.
Consequently, we have introduced two attention modules, i.e., cross-modal attention and cross-fusion attention
modules, designed for the effective integration of features derived from diverse modalities and multiple fusion
strategies, respectively. The findings highlight a considerable reduction in computational time alongside
achieving a comparable dice score. Additionally, the incorporation of hybrid fusion and attention modules in
the baseline notably increased the dice score from 0.482 to 0.521 in the validation dataset and achieved 0.48 in
the test dataset of ISLES 2018. It also demonstrates competitive performance compared to existing models
while maintaining efficient prediction times.
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1 Introduction
Over the last two decades, stroke has emerged as a significant threat to human life. According to the
World Stroke Organization (WSO), stroke is the second leading cause of death and the third leading
cause of disability [16]. Ischemic stroke holds a portion of 87% of total cases. As the time lasts
longer after stroke incidence, the penumbra will be converted into a core, which is irreversible. The
necessity for the timely detection and segmentation of stroke lesions is to prevent the brain from
being irreversibly damaged. The segmentation of stroke lesions requires brain imaging multimedia
such as Magnetic Resonance Imaging (MRI) and Computed Tomography (CT). CT Perfusion (CTP)
imaging is a variant of CT in which multiple CT scans are acquired after fixed time intervals. It
is called Perfusion Weighted Imaging (PWI). This CTP acquisition process is very similar to the
acquisition of video frames in multimedia systems. The perfusion parameter maps are extracted
from the raw PWI data. It does contain the penumbra information, which may be reversible if
treated in time. Despite the challenges, various articles demonstrate the effectiveness of segmenting
stroke lesions in CTP data [27, 39]. Manually delineating the stroke lesions from the brain image
modalities is a gold standard practice. However, it is a time-consuming, tedious process facing
issues like inter-observer variability. This motivated researchers to find alternatives to manually
segmenting lesions on the brain imaging data.

The well-known alternatives are threshold-based software, and automatic algorithms developed
using machine learning and deep learning concepts. Stroke lesion segmentation on CTP data is
commonly performed using software tools such as RAPID [24] and Sphere. The problem with
threshold-based softwares is that the lesion is segmented based on the threshold value for the
parameter maps, utilizing fixed values for segmenting lesions [33]. The hemodynamics changes
widely across the patients depending upon several factors. So, this software may not be the best
alternative for segmenting the lesions. Deep learning has emerged as a solution to learn the patterns
from the data to segment the lesions. The studies also suggest that the algorithms developed using
deep learning models surpassed threshold-based techniques for segmenting lesions [18]. Despite the
advancements in deep learning and medical technology, there is a lack of faster and more accurate
algorithms for segmenting stroke lesions on the CTP data. This study aims to formulate and develop
a better and faster algorithm for segmenting the lesions, improving precise segmentation, and
achieving faster inference times. Accurate and efficient segmentation helps to reduce the overload
on the radiologists and reduces the time required to delineate the lesion, eventually saving the
brain from converting into the core.
Several algorithms have been designed in the existing literature to segment stroke lesions

within CTP data [27, 39, 42]. Patch based processing techniques have also been employed for
lesion segmentation on CTP data [11, 23]. However, these models often suffer from prolonged
inference times. Furthermore, applying models designed for patch-based processing to whole-image
inferences significantly degrades performance. An XGBoost-based machine learning approach has
been introduced to segment core and penumbra regions directly on CTP data [45]. Another recent
approach incorporated clinical data alongside CTP imaging to enhance stroke lesion segmentation
results [2], although the study relied on proprietary datasets. Recent studies have focused on
leveraging 4D CTP data directly to segment stroke lesions. To achieve superior performance in
image-level inferences, models must integrate an efficient feature extraction mechanism.
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The algorithms used for the stroke lesion segmentation can be broadly categorized into four
groups based on their fusing multi-modal data approach. These categories are early, late, bottleneck,
and multi-level fusion. Each strategy leverages the unique characteristics of stroke lesions captured
within different modalities. However, arbitrarily combining the multimodal information may not
lead to optimal results. While most research articles have proposed fusion strategies, each approach
has its advantages and disadvantages. Additionally, the information obtained through these fusion
methods may exhibit variations in certain aspects, such as integrated information and individual
information of all modalities. Therefore, to ensure the precise integration of information produced
by various fusion strategies, employing attention mechanisms, is imperative. Thus, integrating a
cross-attention mechanism is vital for carefully fusing the features. The algorithms that achieve
better performance were developed based on patch processing, which eventually takes much
preprocessing and inference time. Image level prediction takes less time but requires information-
rich features. These information-rich features may be provided by the hybrid fusion approach since
it involves the integrated features and individual features from the multimodal data.
Multimodal or multimedia data carries richer information than single-modal data [7]. How-

ever, the method of fusing these data is a critical factor that decides the performance [9] since
the multimodal data contains different information in each modality. Predominantly, algorithms
have primarily concentrated on singular fusion strategies. However, investigating various fusion
approaches presents potential solutions for addressing segmentation challenges, given the unique
advantages inherent in each method. Consequently, a more sophisticated algorithm capable of
precise multimodal data integration is to overcome the limitations associated with single fusion
strategies and leverage the potential benefits of combining multiple approaches. To meet this
requirement, we introduce a hybrid fusion technique for stroke lesion segmentation.
This paper introduces a hybrid fusion approach for stroke lesion segmentation in CTP data,

equipped with attention modules for careful feature integration. The characteristics of these
features depend on the input data provided to the model. In the context of multimodal data, feature
characteristics vary based on whether they are derived from a single modality or multiple modalities.
Single-modal data yields features specific to that modality, while features from multimodal data
encapsulate the characteristics from all modalities. Combining these diverse feature types effectively
may enhance the model’s performance, yielding information-rich features. Moreover, the ensemble
models that use the aggregation of features will surpass the single algorithm [46]. This motivated us
to take the concept of hybrid fusion into consideration. First, the implementation of a hybrid fusion
technique aimed at combining integrated features from all modalities with individual features
from each modality. This integration of features with distinct characteristics poses a significant
challenge, prompting the development of two distinct attention modules. One module is designed
to fuse individual features, while the second is tasked with fusing features across different fusion
strategies. To accomplish the fusion of individual features, a hierarchical attention mechanism
is employed, initially fusing features from blood parameters (CBV: Cerebral Blood Volume and
CBF: Cerebral Blood Flow) and time parameters (MTT: Mean Transit Time and Tmax: Time to
Maximum) independently. Subsequently, these two sets of features are combined within and across
the groups using non local block concept. The model generates integrated features along with the
individual features in a different path. To effectively fuse these two sets of features generated in
different ways, a cross-fusion attention module is introduced. The contributions of the paper are as
follows:

(1) Development of a deep learning model for the precise delineation of stroke lesions with CT
and CTP data with less computational timewhile capturing effective features frommultimodal
input data.
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(2) This study introduces multimodal fusion techniques, including hybrid fusion, to effectively
combine features derived from different modalities in stroke lesion segmentation. This
contribution enables a more comprehensive analysis of the CTP data, taking into account the
unique characteristics of individual modalities and all modalities together.

(3) The incorporation of attention mechanisms, including cross-modal and cross-fusion attention,
enhances the fusion of features from different modalities and fusion strategies, respectively.
This attention-based approach contributes to the model’s capability to handle the fusion of
diverse features effectively.

The rest of the paper is structured as follows: Section 2 summarizes the current state-of-the-art
methods from the literature. Section 3 explains the proposed method incorporating hybrid fusion
and cross attention modules . Section 4 presents the quantitative and qualitative results. Section 5
discusses the findings. Section 6 concludes the paper.

2 Related Works
The related works that employ machine learning or deep learning techniques for segmenting the
acute infarct core are discussed. It encompasses methodologies focused on predicting the volume
of the acute infarct core on the CTP data. The temporal acquisition process of CTP is similar
to capturing video frames in multimedia systems, where sequences of images are sampled over
time to provide meaningful visual information. However, despite these similarities in temporal
sampling, the processing of PWI is different from traditional video segmentation methods. In video
analysis, the focus is on segmenting objects or scenes across frames [10], while in PWI, the goal is
to derive perfusion maps that quantify blood flow characteristics. In recent years, many studies on
disease detection and classification utilized deep learning techniques [36]. Recent works utilized
only the 4D CTP data without the perfusion maps to segment the lesions directly from the CTP
[12]. Alternatively, these perfusion parameter maps are synthetically generated from CTP dynamic
images using the LSTM-based neural network [37]. Recent works used patch processing techniques
to segment the lesions on the CTP data [11, 23]. The models that involve patch processing suffer
from high inference times. At the same time, these models applied to the image level inferences
severely impact performance. A machine learning approach based on XGBoost is proposed for the
segmentation of core and penumbra regions on the CTP [45]. Recent work included the clinical
data along with the CTP data to improve the stroke lesion segmentation outcomes [2]. However,
they have utilized the proprietary datasets. For better performance at image-level inferences, an
effective feature extraction mechanism needs to be incorporated into the model.
CTP has multimodalities for the segmentation of the stroke lesions. These multimodal data

provide complementary information to perform the segmentation task, which increases the per-
formance compared to single modality [7]. The literature has several fusion methods involved in
segmenting the lesions. Now, the question is how carefully the information is used in achieving
better performance. There are several ways how these data from multimodalities have been com-
bined or integrated from primitive to advanced methodologies [5]. In the work presented by [28],
a multi-level fusion is developed by fusing the information at the image level, matrix level, and
feature level for fusing the information between two modalities. It is very hard to decide the fusion
technique that provides the information-rich features [48]. Many researchers designed the deep
learning architecture to fuse the information from the multimodalities in different ways [25]. This
overcomes the problem with the conventional fusion techniques by directly encoding the mapping
between multimodalities. They are i) feeding the multi-modalities data as different channels to
the model at the input itself, ii) processing these modalities individually in separate paths and
combining these features at different levels, and iii) Processing these multiple data modalities
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entirely using separate paths. All the basic methodologies of fusing multimodalities are broadly
classified into the following strategies: i) early [3, 11], ii) late [32, 38], iii) bottleneck fusion [9], iv)
multi-level fusion [26, 35].

The early fusion technique is the most commonly employed fusion method due to its simplicity in
implementation and helps in focusing on the network architecture. However, despite incorporating
early fusion in methodologies, there is a greater emphasis on diverse concepts. These include i)
multiscale processing [26, 40], ii) adversarial learning [41, 47], iii) transfer learning [3, 9], iv) utiliza-
tion of image synthesis [43], and various other innovative concepts. In the paper [38], the authors
utilized the late fusion methodology to segment stroke lesions in CTP data. The various modalities
were inputted into four separate U-Nets to carry out the lesion segmentation. They explored a
voting classifier, weighted averaging, and logistic regression. Notably, the model employing logistic
regression achieved better performance. In this scenario, all modalities were effectively exploited
by the individual networks to enhance information quality. The late fusion approach proves advan-
tageous in cases where multimodal information provides limited complementary insights. Chen et
al [9] designed an encoder architecture designed to independently extract features from various
modalities. These latent representations were subsequently integrated via a hyper-fusion module
and fed to the decoder. Additionally, deep supervision was implemented to enhance convergence.
In [49], a multi-encoder network was formulated specifically for segmenting brain lesions. This
model processed distinct MRI sequences using separate encoders and these features from each
modality were merged and fed to the decoder through a fusing block. Both channel and spatial
attention mechanisms were utilized to capture informative features. Dolz et al. [13] developed
a dense multipath U-Net architecture that incorporated distinct encoders for feature extraction
from different modalities. This model employed dense connections within and across the encoders,
enhancing the feature sharing. These individual features were fused at every stage within the
encoder.

Selecting the fusion technique is still a predominant issue. Early fusion integrates the multimodal-
ities at the input level but fails to establish further complex relationships between multimodalities.
In the decision-level fusion (late) strategy, each modality employed a separate encoder to exploit
each modality’s independent feature representation. The disadvantage is that it requires a lot
of memory as it involves the training of separate networks and also no cross-modal interaction
between the modalities to establish the relation among the data. The bottleneck fusion strategy
extracts the features from individual modalities. It is missing the integrated or joint representa-
tions of the multimodalities. Methodologically, each fusion strategy has its own advantages and
disadvantages. To address the drawbacks of individual fusion strategies, we introduced a hybrid
fusion strategy. This method combines early fusion and bottleneck fusion to effectively leverage
the strengths of each fusion technique and efficiently derive features from multimodal data.

A simple or arbitrary fusion of information frommultiple sources may not provide optimal results
[9, 31]. From that perspective, careful integration of the information from the multimodalities and
different fusion strategies necessitates the development of a fusion module with attention. In the
literature, few research articles used attention concepts, particularly in the case of stroke lesion
segmentation on the CTP data. Attention modules developed for other methodologies may not be
helpful in this context as they have different paths in the encoder [1]. In [43], a simple attention
block called a squeeze excitation module is used to enhance the encoder’s feature extraction. Shi
et al [35] proposed a cross-modal cross-attention module to process the different modalities and
fuse the information properly from all the modalities. They used group convolutions to process
the features in groups and group attention blocks based on the squeeze and excitation attention
concept to enhance the important features. Two of such blocks have been used to process four
modalities. A multiscale atrous convolution-based attention is used to acquire the multi-scale
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Fig. 1. Architecture of proposed model. The attention module is shown as a separate block in the diagram. The
number of features in the individual and integrated encoders start from 32 to 512 and 8 to 128, respectively.
The convolution is represented in Conv @ 𝑘𝑥 × 𝑘𝑦, 𝑠𝑥 format in which 𝑘𝑥 × 𝑘𝑦 represents kernel size and 𝑠𝑥
represents stride of the kernel in convolution.

features for providing better features [50]. Few researchers also experimented with the concept
of cross-attention in providing attention between the text and images [8]. While many research
papers leverage attention mechanisms to improve the quality of features extracted from input
images, our approach differs from the typical plug-and-play attention modules. The conventional
attention modules are designed to handle a maximum of two inputs. These may not be appropriate
for direct use. This is because we require input from four distinct modalities. We have developed
an attention module based on non-local networks to address this challenge.
In summary, the literature review emphasizes the critical significance of employing fusion

strategies to enhance the efficacy of stroke lesion segmentation by exploiting the advantages
of various fusion strategies. This comprehensive review not only overviews the current state
of algorithms utilized in this domain. Leveraging these observations, the present study seeks to
advance the exploration of hybrid fusion techniques and attention modules to fuse the information
from early and bottleneck fusions, capitalizing on the strengths inherent in diverse fusion strategies.
The focus is on optimally integrating the information from various modalities and fusion strategies
to enhance the segmentation performance.

3 Methodology
The U-Net architecture [34] has emerged as the gold standard for image segmentation and has
found application in diverse medical image segmentation challenges, including brain abnormality
segmentation [14, 21], coronary artery segmentation [15], polyp segmentation [22], skin lesion
delineation [4], MRI reconstruction [29], and MRI translation [30]. Our proposed model is based
on the U-Net architecture. This section provides a comprehensive architecture of the proposed
methodology, including an in-depth explanation of the hybrid fusion technique and two attention
modules used for stroke lesion segmentation.

Fig. 1 shows the proposed model, aiming to segment stroke lesions in CTP data with enhanced
speed and accuracy. To achieve this, we have developed a multi-stage deep learning approach,
including hybrid fusion and cross-attention techniques. This methodology uses a hybrid fusion
approach to extract effective features with different characteristics from the input multimodal data.
we utilize a cross-modal attention (CMA) module to fuse the multimodal information from the
individual encoders that process the multimodal data separately. Along with this, a cross-fusion
attention (CFA) module is employed to integrate information from the early and bottleneck fusion
strategies.
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3.1 Hybrid Fusion
The hybrid fusion approach is integrated into the encoder section of the U-Net architecture, while
the attention modules are positioned at the end of the encoder, specifically at the bottleneck of the
U-Net. The encoder consists of two distinct paths: i) The first path focuses on obtaining features
from each modality individually and fusing the features at the bottleneck. The name bottleneck
fusion originates from the fact that individual features are derived separately and combined at the
bottleneck layer. This pathway produces individual features of multimodal data. So, it is referred
to as the individual encoder. ii) The second path is responsible for aggregating features from all
modalities together, known as early fusion. This configuration is denoted as the integrated encoder
as it consolidates integrated features. At the bottleneck of the model, two sets of features are
available. They are the integrated features and the individual features, derived from their respective
paths.
These two paths have different input configurations. In the early fusion pathway, all four

parametric maps and the CT image are provided as inputs. On the other hand, the bottleneck
fusion pathway receives the four parametric maps for processing. The reason for excluding CT
from the individual features is the complexity of fusing five distinct sets of features. However,
recognizing the importance of CT information, we have integrated it into the early fusion pathway.
As a result, the input for the early fusion pathway comprises a total of 10 channels. It consists of
five channels from various modalities, and an additional five channels are symmetric images of
modalities derived from the respective modalities. In contrast, the bottleneck pathway operates
with eight input channels.

The basic building blocks for constructing both encoders share a similar structure except for
the type of convolution layer employed. In the bottleneck fusion pathway, group convolutions are
employed to extract features from various modalities, facilitating isolation among these distinct
features. This method eliminates the need for multiple encoders to handle different modalities
separately. Differently, in the early fusion pathway, conventional convolutions are utilized to
jointly process the modalities. The building blocks found in both encoders include a dual residual
block. This block consists of two sets of convolution layers, arranged consecutively with Batch
normalization and ReLU layers. Importantly, a residual connection is incorporated within this
block to facilitate feature propagation. Additionally, the reduction of feature map resolution is
achieved through a combination of max pool operations and strided convolutions. The features
from both paths are concatenated together. In the context of the early fusion encoder, the process
is relatively straightforward. However, when dealing with the bottleneck fusion approach, certain
adjustments are necessary to maintain feature isolation between different modalities. This is
because group convolution operates differently from conventional convolution. This requires a
special concatenation process to preserve the features within the same modality while ensuring
the separation of features from other modalities. This process is clearly demonstrated in Fig. 2.
On the other hand, a single decoder is utilized to enhance the resolution of the feature maps

derived from both fusion paths. Previous research studies have suggested using a lightweight
decoder to reduce the computational complexity without compromising on performance. In our
model, the decoder comprises a single residual block encompassing a set of convolution, batch
normalization, and ReLU layers. The features on the decoder side starts from the 128 and ends with
8. The skip connections used in this model collect the features from both encoders at the same stage
and perform a 1 × 1 convolution operation on the features to perform element-wise summation
with features in the decoder.
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Fig. 2. Process of the concatenation of features from stridden convolution and max pool operations with
feature isolation concept. Different colors indicate the features of different modalities. The kernel size for
both the strided convolution and the max-pooling operation is 2 × 2.

3.2 Attention Stage
In the proposed model, the effective fusion of features requires the incorporation of two distinct
attention mechanisms. The CMA mechanism is responsible for integrating the information derived
from individual modalities, while the CFA mechanism focuses on fusing information generated
by the two paths (integrated encoder and individual encoder). These attention modules draw
inspiration from various cross-attention strategies found in the literature [17, 35, 44].

3.2.1 CrossModal Attention (CMA)Module. While existing literature primarily focuses on attention
modules designed for fusing two modalities, the proposed model requires the fusion of four distinct
modalities. So, we developed a CMA module capable of receiving features from input modalities.
The architecture of this CMA module is depicted in Fig. 3, where all features are treated with
equal weightage. These modalities are categorized into two distinct groups, namely, the blood
parameter group and the time parameter group. This categorization allows for a hierarchical fusion
of information. Initially, it combines the information from the two blood parameters using a non-
local block concept [44]. The same approach is applied to the time parameters. Subsequently, the
features from these two distinct groups are merged using inter and intra-group attention concepts.
The features in the CMA module are processed in several stages. As discussed above, the input of
the CMA is from the individual encoder, which contains the features from the multimodal input
images. Let us consider these features are represented with the 𝐼𝑐𝑏𝑣, 𝐼𝑐𝑏𝑓 , 𝐼𝑚𝑡𝑡 , 𝐼𝑡𝑚𝑎𝑥 ∈ 𝑅𝐶×𝐻×𝑊

where C represents the number of channels, and H and W are the height and width of the feature
maps. In addition to these, two more features (𝐼𝑏𝑔 and 𝐼𝑡𝑔), one from each group, are obtained by
performing the elementwise summation operation (⊕) between the features in each group. The
shape of the generated features is also the same as the input features since elementwise summation
is performed. These are obtained as shown in Eq. 1.

𝐼𝑏𝑔 = 𝐼𝑐𝑏𝑣 ⊕ 𝐼𝑐𝑏𝑓

𝐼𝑡𝑔 = 𝐼𝑚𝑡𝑡 ⊕ 𝐼𝑡𝑚𝑎𝑥 (1)

In the next step, all the feature maps, along with two obtained feature maps from each group,
undergo some operations such as convolution, flattening, and permutations before calculating
the attention matrix. The Eq. 2 represents the convolution operation followed by the flattening
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Fig. 3. The architecture of Cross-Modal Attention module

operation. This flattening operation is performed spatially.

𝐹𝑥 = 𝑓𝑓 𝑙𝑎𝑡𝑡𝑒𝑛 (𝑓𝑐𝑜𝑛𝑣 (𝐼𝑥 ));𝑥 ∈ {𝑐𝑏𝑣, 𝑐𝑏 𝑓 ,𝑚𝑡𝑡, 𝑡𝑚𝑎𝑥,𝑏𝑔, 𝑡𝑔} (2)

where 𝑓𝑓 𝑙𝑎𝑡𝑡𝑒𝑛 (·) flattens the features to 𝐶 × 𝐻𝑊 shape, 𝑓𝑐𝑜𝑛𝑣 (·) performs a convolution operation
with kernel size of 1 × 1. After these simple operations, the feature 𝐹𝑥 has a dimension 𝑅𝐶×𝐻𝑊 .
Further, as shown in Fig. 3, the features from CBV and Tmax undergo permutation operation to
change the shape of the features as represented in Eq. 3.

𝐹 ′𝑥 = 𝑓𝑝𝑒𝑟𝑚𝑢𝑡𝑒 (𝐹𝑥 );𝑥 ∈ {𝑐𝑏𝑣, 𝑡𝑚𝑎𝑥} (3)

where 𝑓𝑝𝑒𝑟𝑚𝑢𝑡𝑒 (·) performs permutation operation which changes the shape of these features to
𝐻𝑊 ×𝐶 .
The next step is to calculate the attention mechanism between the features belonging to the

same group as shown in Eq. 4. In this process, let us consider blood group parameters, a matrix
multiplication operation (⊗) is performed between the features 𝐹 ′

𝑐𝑏𝑣
and 𝐹𝑐𝑏𝑓 followed by a softmax

activation function. Similarly, in the time group, 𝐴𝑡 is calculated from 𝐹 ′𝑡𝑚𝑎𝑥 and 𝐹𝑚𝑡𝑡 .

𝐴𝑏 = 𝑆 (𝐹 ′
𝑐𝑏𝑣

⊗ 𝐹𝑐𝑏𝑓 )
𝐴𝑡 = 𝑆 (𝐹 ′𝑡𝑚𝑎𝑥 ⊗ 𝐹𝑚𝑡𝑡 ) (4)

where 𝑆 is softmax activation used for normalization. 𝐴𝑏 and 𝐴𝑡 denote the attention matrices
calculated from the features in blood and time parameter groups, respectively. Now, the shape of
the attention matrix (𝐴𝑏) and (𝐴𝑡 ) is 𝑅𝐻𝑊 ×𝐻𝑊 .

Now, attention features are calculated from these attention matrices. Moreover, we calculate two
different types of features for these attention features. They are intra-group attention features and
inter-group attention features. First, we discuss the generation of intra-group features. A matrix
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multiplication operation is performed between the attention matrices and features (𝐼𝑏𝑔, 𝐼𝑡𝑔).
𝐹𝐴𝑏 = 𝐹𝑏𝑔 ⊗ 𝐴𝑏

𝐹𝐴𝑡 = 𝐹𝑡𝑔 ⊗ 𝐴𝑡 (5)

Similarly, the inter-group attention features are also calculated, but the difference here is that
instead of multiplying with the same group attention matrix, the other attention matrix is used.

𝐹𝐴𝑏𝑡 = 𝐹𝑡𝑔 ⊗ 𝐴𝑏

𝐹𝐴𝑡𝑏 = 𝐹𝑏𝑔 ⊗ 𝐴𝑡 (6)

The Eq. 5 and Eq. 6 represent the intra-group and inter-group attention features. The shape of these
features is 𝑅𝐶×𝐻𝑊 . These features are subjected to the rearrangement of shape using permutation
operation (𝑓𝑝𝑒𝑟𝑚𝑢𝑡𝑒 ) as in Eq. 7.

𝐹𝐴𝑥 = 𝑓𝑝𝑒𝑟𝑚𝑢𝑡𝑒 (𝐹𝑥 );𝑥 ∈ {𝑏, 𝑡, 𝑏𝑡, 𝑡𝑏} (7)

Then, a residual connection is added from the features obtained by combining both features in a
group, i.e., 𝐼𝑏𝑔, 𝐼𝑡𝑔, initially using Eq. 8.

𝐹𝐴′
𝑏
= 𝐹𝐴𝑏 ⊕ 𝐼𝑏𝑔

𝐹𝐴′
𝑡 = 𝐹𝐴𝑡 ⊕ 𝐼𝑡𝑔 (8)

where 𝐹𝐴′
𝑏
and 𝐹𝐴′

𝑡 represents the intra group features. Next, as shown in Eq. 9, the intra-group
features are concatenated (𝑓𝑐𝑜𝑛𝑐𝑎𝑡𝑒 ), and a convolution operation (𝑓𝑐𝑜𝑛𝑣) is used to generate the
final intra-group features.

𝐹𝐼𝑛𝑡𝑟𝑎 = 𝑓𝑐𝑜𝑛𝑣 (𝑓𝑐𝑜𝑛𝑐𝑎𝑡𝑒 (𝐹𝐴′
𝑏
, 𝐹𝐴′

𝑡 ))
𝐹𝐼𝑛𝑡𝑒𝑟 = 𝑓𝑐𝑜𝑛𝑣 (𝑓𝑐𝑜𝑛𝑐𝑎𝑡𝑒 (𝐹𝐴𝑏𝑡 , 𝐹𝐴𝑡𝑏)) (9)

the final attention features that are coming out of the CMA module are represented with 𝐹𝑓 𝑖𝑛𝑎𝑙 as
shown in Eq. 10.

𝐹𝑓 𝑖𝑛𝑎𝑙 = 𝑓𝑐𝑜𝑛𝑣 (𝑓𝑐𝑜𝑛𝑐𝑎𝑡𝑒 (𝐹𝐼𝑛𝑡𝑟𝑎, 𝐹𝐼𝑛𝑡𝑒𝑟 ) (10)

3.2.2 Cross Fusion Attention (CFA) Module. While straightforward or simple information fusion
of features from different sources may not yield improved performance, it has become evident
that a more sophisticated approach to information fusion is necessary. Attention mechanisms
are one of the techniques employed for this purpose. In this context, the non-local block concept
has been selected for information fusion. However, a strategy is adopted where two individual
paths are assigned to each type of fusion feature, as shown in Fig. 4. The early fused features are
adapted to account for pixel-pixel relations and interactions, and a similar operation is applied to
the bottleneck features path.

Subsequently, a cross-operation is performed between these two feature types, aiming to extract
effective information from both features. This process plays a pivotal role in extracting enhanced
information from both integrated and individual features. The operation based on the non-local
block concept proves its effectiveness in capturing long-range dependencies, a capability often
lacking in standard convolution operations. These attention calculations are particularly effective for
small-resolution images. Consequently, applying this attention module is confined to the bottleneck
stage. In cases where the image resolution is high, the computation of pixel-pixel interactions
among numerous pixels becomes challenging and considerably increases network complexity.
To provide the fusion at different stages in the network, we followed a simple fusion process. A
convolution block is introduced to facilitate the fusion of information from both fusion types at
various levels or stages within the model. In the nonlocal attention calculations, a scaled dot product
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Fig. 4. The architecture of Cross Fusion Attention module

is employed to reduce the values generated after the matrix multiplication instead of a simple
dot product. In contrast to the model presented by [44], we decided to continue with the same
number of channels throughout the attention block since the number of channels at the deep stage
is already kept at a minimum.

The internal architecture details of the CFA module are shown in Fig. 4. The CFA module receives
two inputs. They are i) the features from the CMA module, expressed by 𝐼𝐴 ∈ 𝑅𝐶×𝐻×𝑊 and ii) the
features from the integrated encoder and denoted by 𝐼𝐸 ∈ 𝑅𝐶×𝐻×𝑊 . These features are processed
in the CFA in several stages.

In the first stage, the feature maps from the CMA (𝐼𝐴) are fed to the three parallel convolutional
layers with 1 × 1 kernel size. Later, some features undergo simple operations that change their
shape. The resultant features are represented with 𝜃𝐴, 𝜙𝐴, 𝑔𝐴 and also shown in Eq. 11.

𝜃𝐴 = 𝑓𝑓 𝑙𝑎𝑡𝑡𝑒𝑛 (𝑓𝑐𝑜𝑛𝑣 (𝐼𝐴))
𝜙𝐴 = 𝑓𝑓 𝑙𝑎𝑡𝑡𝑒𝑛 (𝑓𝑐𝑜𝑛𝑣 (𝐼𝐴))
𝑔𝐴 = 𝑓𝑓 𝑙𝑎𝑡𝑡𝑒𝑛 (𝑓𝑐𝑜𝑛𝑣 (𝐼𝐴)) (11)

Similarly, the features from the integrated encoder are processed and result in the generation of
𝜃𝐸, 𝜙𝐸, 𝑔𝐸 . Later, the features 𝜙𝐴 and 𝜙𝐸 from both branches are permuted to change the shape of
the features to 𝑅𝐻𝑊 ×𝐶 , and then these are represented with 𝜙 ′

𝐴
and 𝜙 ′

𝐸
.

In the next step, the attention matrix (𝐴𝐴) is calculated by performing a scaled dot product
between the features from the 𝜙 ′

𝐴
branch with 𝜃𝐴 branch. Now, the attention matrix size is 𝑅𝐻𝑊 ×𝐻𝑊 .

Similarly, the attention matrix (𝐴𝐸) is calculated using 𝜙 ′
𝐸
and 𝜃𝐸 as shown in Eq. 12.

𝐴𝐴 = 𝜙 ′
𝐴 ⊗ 𝜃𝐴

𝐴𝐸 = 𝜙 ′
𝐸 ⊗ 𝜃𝐸 (12)

Now, the attention features are generated using matrix multiplication operations from the attention
matrices. The process is shown in Eq. 13.

𝐹𝐴𝐸 = 𝑔𝐴 ⊗ 𝐴𝐸

𝐹𝐸𝐴 = 𝑔𝐸 ⊗ 𝐴𝐴 (13)

The features 𝐹𝐴𝐸 and 𝐹𝐸𝐴 represent the cross-fusion attention features obtained from both branches.
Then, these features are permuted to change their shape back to normal. Then, these features are

J. ACM, Vol. 37, No. 4, Article 111. Publication date: August 2018.



111:12 C S P Raju et al.

denoted with 𝐹 ′
𝐴𝐸

and 𝐹 ′
𝐸𝐴

. Later, residual connections are added to 𝐹 ′
𝐴𝐸

and 𝐹 ′
𝐸𝐴

from the 𝐼𝐴 and 𝐼𝐸
branches, respectively, as shown in Eq. 14.

𝐹 ′′𝐴𝐸 = 𝐹 ′𝐴𝐸 ⊕ 𝐼𝐴

𝐹 ′′𝐸𝐴 = 𝐹 ′𝐸𝐴 ⊕ 𝐼𝐸 (14)

After this residual connection, the features from both the branches are combined together using
a concatenate operation followed by a convolution operation with kernel size of 1 × 1. The final
features are the cross-attention features obtained from early and bottleneck fusions, as shown in
Eq. 15.

𝐹𝑓 𝑖𝑛𝑎𝑙 = 𝑓𝑐𝑜𝑛𝑣 (𝑓𝑐𝑜𝑛𝑐𝑎𝑡𝑒 (𝐹 ′′𝐴𝐸, 𝐹 ′′𝐸𝐴)) (15)

4 Experiments and Results
The proposed methodology undergoes rigorous testing on the ISLES 2018 dataset using a cross-
validation approach to demonstrate its efficacy. The same methodology is applied to evaluate the
test set of the ISLES 2018 dataset. The evaluation of the model’s performance employs metrics
widely recognized for assessing the quality of segmented results. Throughout the experiments,
consistent hyperparameters are employed, ensuring uniformity across all evaluations. The quanti-
tative and qualitative results are presented through a combination of tables and figures, providing
a comprehensive assessment of the model’s performance.

4.1 Experimental Procedure
4.1.1 Dataset. The Ischemic Stroke Lesion Segmentation Challenge (ISLES) 2018 dataset is partic-
ularly for the segmentation of CTP data. It provides train data consisting of 94 cases and test data
consisting of 63 cases. The following data is provided: i) raw dynamic CTP data, ii) post-processed
perfusion maps, i.e., CBF, CBV, MTT, Tmax, iii) CT without skull stripping, and iv) Ground Truth
segmented on DWI. In these experiments, we used only CT and CTP maps. The data provided is 3D
in nature, but the number of slices in the axial direction keeps varying from case to case, ranging
from 2 to 22. The resolution of each scan is 256 × 256. This is also a reason for choosing the 2D
processing techniques. The whole data is converted into the 2D slices through which our model is
trained and tested.

4.1.2 Pre-processing and Augmentation. Two different preprocessing techniques are used: i) in-
tensity normalization and ii) CT skull stripping. A simple intensity normalization technique is
applied to all images to normalize the data to zero mean and unit variance. The CT images have the
brightest pixel values on the skull region, which are not required for the stroke lesion estimation.
Furthermore, removing those skull-related pixels enhances the visibility of the brain-related tissues.
The method followed for skull stripping from the CT image is utilized in [11]. The parametric map
image contains only the soft tissues of the brain. The intensity values in these four images are
added to create a binary mask of the brain tissue. This mask is created by using non-zero values
after summation. In the mask, all the pixels related to the skull will be zero. The CT is multiplied
by the mask generated in the previous step. Now, the pixels related to the skull will be zero in the
output image, i.e., the skull-stripped image.
The symmetric augmented modality is utilized in this experimentation for all the models, in-

cluding baseline models, along with the other primitive augmentation techniques such as rotation,
horizontal flip, and vertical flip during the training of the model. In detail, the symmetric version
of each modality is created and fed to the network along with the original. The motive behind
this augmentation is to extract the brain’s quasi-symmetry property. Mainly, the stroke occurs on
one side of the brain [44]. When a stroke occurs, the symmetrical nature of the brain is disturbed,
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which is a clear indication of a stroke. This symmetric version of the brain is obtained by i) flipping
the image and ii) applying the FLIRT [20] method on the flipped version of the original image
for registration. Hence, feeding both original and symmetric versions enhances the visibility of
the stroke. The primitive augmentation techniques are applied on-the-fly augmentation to avoid
storing the images separately. The output for the preprocessing steps such as CT skull stripping
and symmetric augmentation is shown in Fig. 5.

Fig. 5. The output of the preprocessing techniques. From left to right, CT input, skull stripped CT input, CBF,
CBV, MTT, TMax. The first row represents the original input, and the second row represents its symmetric
augmentation.

4.1.3 Experimental Configurations. The experiments are conducted on an Intel-based Xeon proces-
sor with 128GB of RAM and 16G of Tesla-T4 Graphic card memory from Nvidia. The models were
developed using PyTorch Libraries and the Jupyter interface. The hyperparameters are configured as
epoch: 200, optimizer: AdaDelta, batch size: 8. To combat the inherently presented class imbalance,
a combination of focal loss and generalized dice loss is used, a common strategy to address the
imbalances in medical datasets. For training and validation, the ISLES 2018 training dataset was
split into an 80:20 ratio, respectively.

4.2 Experimental Results
4.2.1 Quantitaive Analysis. This experimentation aims to provide a robust and fast deep-learning
model to perform the segmentation of lesions from the CTP data. In this section, we qualitatively
assess the improvements from the proposed concepts of hybrid fusion, including both early and
bottleneck fusions along with cross-attention methods. Two cross-attention modules, i) CMA is
to fuse the features from the different modalities carefully, ii) CFA is to fuse the various types of
features from the different fusion strategies. A step-by-step approach is followed to evaluate the
proposed model. In this experimentation, two models are considered as baselines, i.e., early and
bottleneck fusion-based deep learning models. Each module is added to the model and evaluated
to show the performance of the added blocks. Each assessment entails utilizing a 5-fold cross-
validation approach applied to the ISLES 2018 dataset comprising images from 94 labeled cases. The
quantity of training and validation images differs in each fold due to variations in the number of
slices for each case. Additionally, it is ensured that all slices belonging to one individual remain in
the same set. The evaluation metrics used to calculate the performance of the models and additional
blocks are Dice score, Hausdroff distance (HD), Precision, Recall, and Absolute volume difference
(AVD). Table 1 presents evaluation metrics for model comparisons. It shows the highest Dice score
achieved by the model consisting of hybrid fusion with CMA and CFA.
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Table 1. Quantitative assessment of baseline models and addition modules incorporated into models

Model Dice HD Precision Recall AVD
Early Fusion 0.482 ± 0.32 3.51 ± 1.85 0.4843 ± 0.29 0.5873 ± 0.30 2.37 ± 4.31

Bottleneck Fusion 0.491 ± 0.31 3.92 ± 1.97 0.4724 ± 0.26 0.6354 ± 0.28 2.18 ± 4.07
Hybrid Fusion 0.511 ± 0.31 4.07 ± 2.06 0.4664 ± 0.28 0.6971 ± 0.26 2.01 ± 3.89

Hybrid Fusion with CMA 0.516 ± 0.30 4.10 ± 2.08 0.4921 ± 0.26 0.5620 ± 0.28 1.99 ± 3.54
Proposed method 0.521 ± 0.29 3.04 ± 1.76 0.5341 ± 0.24 0.6235 ± 0.25 1.75 ± 3.12

Among the baselines, the early fusion model exhibited a lower dice coefficient in comparison
to the bottleneck fusion model, primarily attributed to the superior adaptability in learning from
multimodal data. Moreover, the bottleneck fusion approach, where multiple encoders are employed
for various modalities, enables the more effective extraction of explicit information from the multi-
modal data. While the bottleneck fusion approach did yield a higher Dice coefficient compared to
early fusion, it is not without its drawbacks, notably in terms of potentially overlooking integrated
or joint features. The proposed methodology introduces a hybrid fusion network that merges
aspects of both early and bottleneck fusions, resulting in an improved performance level. As stated
in [9], an arbitrary or simple fusion of features may not necessarily produce optimal results. With
this consideration, we developed two attention mechanisms for effective feature fusion. The CMA
module integrates data from various modalities into common data, distinct from the data processed
by the encoder designed for early fusion. Following the incorporation of the CMA module, the
Dice coefficient shows a more substantial increase, reaching 0.516, a testament to the effective
fusion of multimodal features. Subsequently, an additional attention module known as CFA was
introduced to integrate the distinct characteristic features from both encoders. This integration,
encompassing information from both the individual and integrated paths, significantly boosted the
Dice coefficient, reaching a value of 0.521.
The HD metric is used to measure the quality of the boundary. Ideally, HD should be less. The

HD for hybrid fusion is a little higher compared to the early bottleneck. Instead of analyzing
using HD alone, we correlate this with the Dice coefficient. The dice coefficient implies more
correlation between prediction and ground truth. A small fraction of the increase in HD shows
that the model struggles to predict the pixel along the boundary of the lesion. This may be due to
an increase in a few false positives while a substantial decrease in the false negatives by the model.
The incorporation of attention modules reduces the false positives and false negatives around the
boundaries. So, the proposed model achieves the best HD among all the models.

Among the baselines, the highest precision score is achieved by the early fusion, indicating that
it generates fewer false positives than the bottleneck fusion. The proposed model achieves the
highest precision indicating that it minimizes false positives better than other models. The hybrid
fusion achieves the highest recall, meaning it identifies fewer false negatives but has the highest
number of false positives. Adding the CMA to hybrid fusion reduces the recall, providing a trade-off
between precision and recall. Finally, adding CFA further increases both precision and recall. From
the base model to the proposed model, the precision and recalls have increased by 10.2% and 6.1%,
respectively. The mean AVD shows the difference in volumes between the predicted and original.
The AVD is progressively decreasing from the base model to the proposed model indicating that
the predicted volume is very much similar to the original volume for the proposed model.

We performed 5-fold cross-validation on the proposed model, and Table 2 shows the loss and dice
coefficient for both training and validation sets. We also reported the number of images in train
and validation sets for better interpretation of the scores. It also contains the number of images for
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Table 2. 5 fold cross-validation of the proposed model on the train data

Fold # Train Validation
# of Images Dice Loss # of Images Dice Loss

Fold 1 428 0.6613 0.3568 66 0.4709 0.3435
Fold 2 432 0.7308 0.3514 62 0.6011 0.2488
Fold 3 444 0.747 0.3514 50 0.4797 0.3294
Fold 4 452 0.7277 0.3388 42 0.6297 0.2744
Fold 5 224 0.7331 0.3566 270 0.4214 0.4627
Average 0.7199 0.351 0.5205 0.3317

training and testing. From Table 2, we can observe that training performance is stable across folds,
with average Dice scores and loss values showing consistency. Validation performance varies more
due to differences in the size and difficulty of validation sets. Fold 5’s split highlights the impact of
data imbalance, emphasizing the need to ensure equal distribution across folds in cross-validation.
Moreover, this imbalance is caused because of variations in the number of slices in the dataset. The
average metrics suggest the model has good training performance and moderate generalization to
unseen data.
We also experimented to find the influence of the inclusion of CT. CT provides the structural

information and whereas the CTP maps provide the blood dynamics in the brain. This combined
input enables the model to leverage both anatomical and functional features, which enhances lesion
detection and segmentation. The inclusion of CT in our model design leverages the full potential of
the dataset by integrating the structural and perfusion information it provides. Along with that,
we conducted an ablation study comparing model performance with and without CT as an input.
The results demonstrated that the model with CT consistently outperformed the one without CT
in terms of segmentation accuracy, further supporting its inclusion. These findings are shown in
Table 3.

Table 3. Quantitative assessment for inclusion of CT as an input in the proposed model

Model Dice HD Precision Recall AVD
Without CT 0.518 ± 0.29 3.56 ± 1.81 0.5221 ± 0.25 0.5920 ± 0.27 2.15 ± 3.98
With CT 0.521 ± 0.29 3.04 ± 1.76 0.5341 ± 0.24 0.6235 ± 0.25 1.75 ± 3.12

4.2.2 Qualitative Analysis. In the context of qualitative analysis, examining segmented images
provides valuable insights into performance, any inconsistencies, errors, and improvements. It
helps evaluate the model’s adaptability and boundary definition by including various modules,
enhancing performance. It allows us to evaluate the model’s ability to capture intricate details,
define boundaries, and adapt to changes within the images.
We provide the qualitative results from the baseline to the proposed model, including various

modules sequentially. Fig. 6 showcased different examples ranging from small to large lesions.
These samples were chosen to represent the heterogeneity of the lesion size observed across the
dataset. For instance, the baseline model is able to detect the lesion location. Still, the borders are
unclear in the baselines, with more false positives and false negatives. Compared to the baseline
models, the hybrid fusion model shows better precision and recall, representing a reduction in false
positives and false negatives. The addition of CMA introduces a small number of false negatives
while reducing a large number of false positives. The introduction of CFA further reduces the false
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Fig. 6. Visualization of ischemic stroke core prediction of base models, hybrid fusion, and incremental
developments for four subjects in the validation set. From Left to right, prediction by (a) early fusion, (b)
bottleneck fusion, (c) hybrid fusion, (d) hybrid fusion with CMA, and (e) hybrid fusion with CMA and CFA.
White denotes the true positives (TP), blue denotes false positives (FP), and false negatives (FN) are denoted
in red. The TP and FN combined represent positive instances of ground truth. The TP and FP combined
represent the predicted positive instances.

negatives and false positives by increasing the overlap between predicted and ground truth regions.
Apart from these results shown here, there are a few instances where the baseline fusion strategies
could not detect the input images without lesion, i.e., true negatives, whereas the hybrid fusion
and its variants detected them correctly.

The scatter plots in Fig. 7 showcase the relationship between the original and predicted volumes
under four different fusion strategies: (i) Early fusion, (ii) Bottleneck Fusion, (iii) Hybrid Fusion, and
(iv) Hybrid Fusion with attention modules that offer valuable insights into the model’s performance.
To quantify these plots, 𝑅2 value is employed as a metric to measure the correlation. However,
volume difference alone is insufficient to conclude model performance, as it must be interpreted
along with the Dice score. These plots coincide more with the AVD metric results. The R2 values
for the model with early fusion are 0.69, the model with bottleneck fusion 0.71, the model with
hybrid fusion is 0.75, and finally, the model with hybrid fusion along with attention modules is 0.79.
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Fig. 7. The scatter plots between original and predicted volume. From left to right: i) Early fusion, ii) Bottleneck
Fusion, iii) Hybrid Fusion, iv) Hybrid Fusion with Attention Modules. Additionally, the zoomed version
(represented in the bottom row) of the scatter plot enhances the view of the small lesions.

These values show that the proposed additional modules, hybrid fusion, and attention modules,
contribute towards better results in terms of predicting the stroke lesions approximately near to
the original volume. The progression from early fusion to hybrid fusion with attention modules is
marked by a notable enhancement in performance. This is evident from the scatter plots, where a
clear improvement in volume prediction can be observed. It is important to note the Dice is also
increasing in a similar pattern suggesting a better performance.

4.2.3 Analysis of the proposed architecture. Several experiments are carried out before settling on
the final model. In this section, we explained the different variations of the model, a progressive
approach to reach the final proposed model. These experiments are related to variations of the
hyperparameters in the additional modules added to the network. For all the experiments, dice
score and loss metrics are shown in Table 4. The first variation of the proposed model is the number
of filers in the model. We developed a model with 8 and 16 as base filters. However, a model with 8
base filters shows better performance than the 16. This may be due to an increase in the number
of parameters in the model with 16 base filters. Moreover, the variation of these two models is
very small. Similarly, we also tested different variations in the attention module. In CMA, we first
calculated only intra-group features. Later, we also implemented the inter-group features, which
eventually enhanced the performance. In CFA, we decided not to reduce the number of features
during the convolution layers since these features are already fewer. We performed two different
experiments in relation to the decoder in the hybrid fusion model. They are the decoder with the
same number of features as the encoder and a smaller number of features in the decoder than the
encoder in the hybrid fusion model. Here, the decoder with fewer features worked better than the
encoder with the same number of features.

Symmetric augmentation is used while training the model. Considering this perspective, a flipped
version of the input might enhance the model’s predictive abilities. An experimental procedure
entails the model saving predictions derived from both the original and flipped versions of the
input. These predictions are averaged to generate the final segmentation map.
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Table 4. Performance metric for the parameters selected

Module in which variation involved Variation Training Validation
Dice Loss Dice Loss

Base filters in encoder 8 0.665 0.3157 0.511 0.3415
16 0.657 0.3341 0.505 0.3618

CMA Intra Group 0.655 0.3283 0.512 0.3398
Intra & Inter Group 0.671 0.3194 0.516 0.3329

5 Discussion
We developed and tested a deep learning model using hybrid fusion, CMA, and CFA. The underlying
concept of acquiring both integrated and individual features is to extract diverse feature characteris-
tics from various modalities while preserving combined features from all modalities. This approach
allows the model to acquire knowledge about both integrated and individual features, which is
essential due to the distinct information carried by each modality. In this scenario, few modalities
contain enriched information related to the core, and others may have sufficient information about
the penumbra. However, the specific task is to segment core-related information from all modalities.
Individual features enhance the ability of the model to understand the individual characteristics,
while integrated features, representing characteristics across all modalities, facilitate joint repre-
sentation learning that may not be disregarded. It can be observed that fusing features at a higher
level yields superior results compared to early fusion strategies. Additionally, segmentation results
show a noticeable visual enhancement by allowing the architecture the flexibility to determine the
appropriate level of abstraction for combining various modalities. We modified the basic U-Net
architecture to process the information present in multimodal data. Drawing inspiration from
various studies in multimodal learning for medical image segmentation, the proposed approach
involved processing each imaging modality separately within one encoding path and subsequently
integrating them within another branch of the encoding path, which processes the multimodal data
combined. This design provides the model with the flexibility to learn patterns both individually
and in combination, thereby enhancing its ability to learn and represent complex information.

The attention modules, CMA and CFA, are inspired by non-local block networks and cross-modal
attention networks. The primary focus is to effectively integrate the enriched contexts of individual
features and also consider the global dependencies across the modalities. Hence, the combined
feature response has a rich and joint representation that is more relevant. These attention modules
have integrated diverse attention-learning mechanisms within their framework to enhance cross-
modal feature extraction. Since the non-local operation [44] is an efficient attention process, it gives
the pixel-to-pixel relations, i.e., long-range dependencies across all pixels in an image. Specifically,
the non-local operation is designed to capture robust contextual information by means of spatial
attention. Both attention modules are designed based on this concept. These experimental results
demonstrate an increase in inter-class variations and highlight prominent features to suppress
the irrelevant features. Few observations in this experimentation indicate that the cross-attention
module architecture can more effectively capture the global interaction information, which is
essential for semantic understanding and segmentation of complex multimodal information.

The dice scores achieved on the ISLES testing dataset by the proposed methodology, along with
the state-of-the-art methodologies, are shown in Table 5. The inference time is shown in Table
6. Our proposed methodology involves an image-level prediction leading to quick inference time
surpassing the time taken by the methods using the patch processing technique. The methods
followed by [11, 23] involve patch processing, thus taking a lot of time in preprocessing and
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Table 5. Comparison of other state-of-the-art models on test set computed by ISLES-2018 challenge

Reference Dice Precision Recall AVD
clera2 [11] 0.49 0.51 0.57 12.18
ghosp1 [23] 0.49 0.58 0.50 9.30
ours 0.48 0.52 0.52 10.12
tianayu [35] 0.48 0.48 0.59 -
baebj1 0.48 0.56 0.49 10.19
cheny11 [9] 0.48 0.59 0.46 9.7
xiaoh3 [19] 0.47 0.56 0.49 11.14

Table 6. Comparison with the state-of-the-art in terms of inference time

Reference Time (Sec)
clera2 [11] 1.56 seconds
ghosp1 [23] ∼1 second
ours 0.3 second

prediction as well. In this paper [11], the authors also used uncertainty filtering, which causes three
times more inference time. Moreover, each patch must be predicted separately, eventually leading
to more inference time. In contrast, the proposed method involves an image-level prediction leading
to a quick inference time. Moreover, it does not involve any complex preprocessing techniques.

Several factors contribute to this performance increase: i) The progression from early fusion to
hybrid fusion, and further, the integration of attention modules, refines the precision of feature
fusion. As a result, the model becomes more effective at capturing and exploiting the information
from multiple modalities, leading to more accurate predictions. ii) Introducing attention mecha-
nisms, such as cross-modal and cross-fusion, empowers the model to focus on critical regions or
features, which may be especially important for small-volume lesions. This increased discrimina-
tive power allows the model to distinguish subtle differences more effectively iii) With improved
feature integration and attention mechanisms, the model is better equipped to reduce variability in
predictions, particularly for smaller lesions.
The main contributions of this article are the hybrid fusion and cross-attention modules. We

performed experiments to prove the effectiveness of the hybrid fusion and attention modules. The
input to the model is CT and CTP maps as whole images with direct and symmetric versions of the
modality that help the model to get information about tissue in the other hemisphere region [6].
The proposed method is developed while using minimal pre-processing techniques such as intensity
normalization and skull stripping. We have not also incorporated any post-processing techniques
for the final prediction of the segmentation, which was followed in the literature. Including the
multiple fusion strategies in the model helps overcome the issues associated with any single fusion
strategy by acquiring various types of features (integrated and individual features) from different
strategies. Developing the attention modules to fuse the multimodal data helps to enhance the
performance significantly. The image level predictions allow the model to provide the segmentation
results with less inference time. The limitations and future scope of this work are mentioned
as follows. The ISLES 2018 dataset provides 4D CTP raw data in addition to the current inputs,
including CT, CBF, CBV, MTT, and Tmax. 4D CTP data captures the temporal dynamics of blood
flow in the brain, offering potentially richer information. However, our approach does not utilize
the 4D CTP data, thereby avoiding additional computational complexity. Furthermore, while the
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data itself is 3D, the proposed model operates on 2D image slices. This choice is motivated by
the variability in the number of slices across datasets, which poses challenges for consistent 3D
processing. In the future, we will include the 4D CTP data to explore the temporal dynamics for
performance improvement.

6 Conclusion
Stroke is the second leading cause of death and permanent disability, so it is very necessary to
detect in time the presence of stroke in the brain imaging modalities. While the manual approaches
are more tedious, the automated methods can accomplish the task within very little time to reduce
the burden on the radiologists. In this paper, we developed a hybrid fusion with attention modules
based 2D deep learning model to segment the stroke lesions on the CTP data. We have assessed the
advantages of employing the hybrid fusion strategy to collect the individual and integrated features
from the multimodal images for the final prediction, leading to a decrease in the occurrences
of false negatives and false positives. Along with that, the cross-modal attention module raises
the dice score level further by properly fusing the features from the multimodalities. Moreover,
the cross-fusion attention integrates the features from both encoders, which further increases
performance. The proposed model achieves similar performance in terms of dice and outperforms
most prior approaches in terms of faster inference times. The ablation study is also conducted to
contrast the outcomes of various model variants. Finally, we evaluated the proposed method’s
performance against select top-performing approaches from the ISLES 2018 challenge, highlighting
our model’s state-of-the-art performance. It secured the 0.48 dice coefficient on the testing dataset.
In the future, we plan to increase the dice score by incorporating more contextual information and
using raw CT perfusion data and the perfusion parameter maps.
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