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Abstract— Accurate segmentation of the Intracranial Hem-
orrhage (ICH) in non-contrast CT images is significant for
computer-aided diagnosis. Although existing methods have
achieved remarkable results, none of them incorporated ICH’s
prior information in their methods. In this work, for the
first time, we proposed a novel SLice EXpansion Network
(SLEX-Net), which incorporated hematoma expansion in the
segmentation architecture by directly modeling the hematoma
variation among adjacent slices. Firstly, a new module named
Slice Expansion Module (SEM) was built, which can effectively
transfer contextual information between two adjacent slices by
mapping predictions from one slice to another. Secondly, to per-
ceive contextual information from both upper and lower slices,
we designed two information transmission paths: forward and
backward slice expansion, and aggregated results from those
paths with a novel weighing strategy. By further exploiting
intra-slice and inter-slice context with the information paths,
the network significantly improved the accuracy and continuity
of segmentation results. Moreover, the proposed SLEX-Net
enables us to conduct an uncertainty estimation with one-
time inference, which is much more efficient than existing
methods. We evaluated the proposed SLEX-Net and compared
it with some state-of-the-art methods. Experimental results
demonstrate that our method makes significant improvements
in all metrics on segmentation performance and outperforms
other existing uncertainty estimation methods in terms of
several metrics. The code will be available from https://github.
com/JohnleeHIT/SLEX-Net.

Index Terms— Intracranial Hemorrhage, Hematoma Ex-
pansion, Image Segmentation, Uncertainty Estimation, Non-
contrast head CT.

I. INTRODUCTION

INTRACRANIAL hemorrhage (ICH) is a common
stroke type and has the highest mortality rate among
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all stroke types [1]. Early and accurate diagnosis of the
ICH is critical for saving patients’ lives. In the regular
clinical practice, Computed Tomography (CT) is the most
widely used modality for diagnosing ICH due to its fast ac-
quisition and availability in most emergency departments
[2]. In clinical diagnosis procedures, accurately estimating
the volume of intracranial hemorrhage is significant for
predicting hematoma progression and early mortality [3].
The hematoma volume can be estimated by manually
delineating the ICH region by radiologists, which is time-
consuming [4] and suffers from inter-rater variability [5].
The ABC/2 method [6] is widely adopted in clinical
practice to estimate hemorrhage volume for its ease of use.
However, the ABC/2 method shows significant volume
estimation error, especially for those hemorrhages with
irregular shapes [7]. Hence, it is necessary to establish a
fully-automated segmentation method, which allows accu-
rate and rapid volume quantification of the intracranial
hemorrhage. However, it is still challenging to accurately
segment the ICH for automatic methods because ICH
exhibits large variations in shapes and locations, and has
blurred boundaries [8]. Besides, existing fully-automated
segmentation methods, especially those based on deep
learning are prone to be overconfident in prediction results
[9]. Thus it is essential for the network to point out that
to what extent the model is certain about the predictions,
i.e., uncertainty estimation. Therefore, our purpose is
to propose an automatic method to accurately segment
ICH and effectively estimate the uncertainty of predicted
results.

A. Hematoma Expansion
Intracranial hemorrhage is not a uniphasic event which

stops immediately. The hematoma continues to expand
during the first 24 hours after onset [10]. The final intracra-
nial hemorrhage is the result of hematoma expansion.
One widely accepted explanation for the mechanism of
hematoma expansion is Fisher’s neuropathological model
[11]. Fisher believes that the final hematoma of intracra-
nial hemorrhage results from secondary shearing between
adjacent blood vessels. One ruptured blood vessel triggers
the next bleeding. Further, the blood flows from different
directions of the ruptured blood vessel to the cerebral
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Fig. 1. An overview of the hematoma variation modeling in the
proposed SLEX-Net. In the first row, (a) (b) (c) are three adjacent
original CT slices; In the second row, (a) (b) (c) are corresponding CT
slices of a patient with zoomed views of ICH regions on the bottom
left. The blue regions denote the predicted ICH for those three slices,
respectively. The orange module is the proposed Slice Expansion
Module, which models the hematoma variation by mapping predicted
outputs from one slice to its neighbor slices.

parenchyma, which affects the location and shape of the
hematoma and forms a unique spatial distribution of the
intracranial hemorrhage [12]. Thus, there exist strong
spatial contextual relations among adjacent slices via
hematoma expansion. Those contextual relations provide
effective information for the detection of ICH. Therefore,
in this work, we proposed an ICH segmentation method
that fully considers the contextual relations among con-
tiguous slices. Specifically, we first utilized a neural
network to model the hematoma variation between two
adjacent slices. The learned network enables the mapping
of hematoma regions from one slice to another. Thus
the proposed network can generate predicted hematoma
regions from its neighbor slices. We further designed
two branches to aggregate context information from both
upper and lower slices. Furthermore, with the prediction
results from those branches, we proposed a re-weighting
scheme to guide the multi-slice context aggregation and
an efficient uncertainty estimation method to evaluate
predictions’ confidence. By fully exploiting the contextual
relations, our network significantly improved the seg-
mentation performance and achieved efficient uncertainty
estimation results.

B. Related Work
1) Intracranial Hemorrhage Segmentation: Although there

exist many challenges in segmenting intracranial hemor-
rhage, large numbers of methods have been proposed by
researchers. Among them, deep learning techniques are
widely adopted for its excellent results in medical image
segmentation tasks [8], [13]. Ironside et al. utilized U-
Net [14] to automatically segment ICH and estimate the
hematoma volume. They achieved comparable accuracy
and greater efficiency compared to manual and semi-

automated segmentation techniques [15]. To address the
issue of insufficient annotation data for ICH segmentation
tasks, Kuo et al. proposed a patch-based FCN network
and segmented ICH in an active learning manner [16].
Chang et al. proposed an ROI-based framework that is
optimized specifically for ICH detection and segmentation
tasks by projecting 3D features to 2D networks in the
feature pyramid network [17]. Kwon et al. proposed a
Siamese U-Net method to segment ICH by leveraging the
dissimilarity between learned features of healthy templates
and input images [18] .

The above works with deep learning techniques have
made some progress for ICH segmentation. However,
those works either applied the popular medical image
segmentation architectures or made slight alterations for
more discriminative feature representations. None of them
considered the characteristics of intracranial hemorrhage.
In this work, for the first time, we exploited the hematoma
expansion, which determines the locations and shapes
of hemorrhages with the secondary rupture model. This
model provides a significant insight that the hematoma
progressively expands to adjacent tissues via the secondary
shearing mechanism. Thus, we took this insight as prior
information and incorporated it into the segmentation
framework by directly modeling the hematoma variation
among adjacent slices.

2) Context Information Exploitation: Context informa-
tion has been proved to be very useful in medical image
segmentation tasks [19], [20]. Chen et al. combined some
fully convolutional networks and an RNN to integrate
inter-slice context in 3D biomedical image segmentation
[19]. Dou et al. encoded multilevel context information
with a 3D convolutional neural network [21]. Zheng et al.
proposed a method to enhance the 3D consistency and the
inter-slice context by combining the features from a slice
and its adjacent slice below it [20]. Setio et al. exploited
context information by extracting a set of 2D-patches from
differently oriented planes of a candidate region and fusing
those multi-view features afterward [22]. To better utilize
both intra-slice and inter-slice context, Li et al. proposed
a hybrid network to extract features from 2D and 3D
networks and further aggregate those features in an auto-
context fashion [23].

The above methods try to exploit context information
by aggregating features from different sources, such as
multi-slice, multi-view, or multi-network. We name them
as implicitly context feature modeling. In our specific
intracranial hemorrhage segmentation task, different from
previous methods, we exploit context information by ex-
plicitly modeling the relations between two adjacent slices
with a neural network and aggregate context information
by merging predicted results from those slices.

3) Uncertainty Estimation in deep learning: Uncertainty
estimation is significant in many applications, especially
for those applications with high decision-making costs,
such as computer-aided diagnosis and autonomous driving
[24]–[26]. The uncertainty estimation provides a confidence
level measurement for these applications, which is signif-
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icant to avoid over-confident wrong predictions and help
them make better decisions. Current researches on uncer-
tainty estimation mainly contain two categories: Bayesian-
based and non-Bayesian-based approaches. For Bayesian-
based methods, Gal et al. proposed that dropout [27]
can be utilized to approximate Bayesian inference. They
applied dropout before each weight layer, then performed
T stochastic inference through the network and further
averaged those results. They claimed it Monte Carlo
dropout (MC dropout) [28]. Similarly to MC dropout,
Teye et al. proved that batch normalization in neural
networks can also be applied to approximate Bayesian
inference. The uncertainty estimation can be achieved by
calculating the variance of multiple stochastic forward
propagations, and this process is named Monte Carlo
Batch Normalization (MCBN) [29]. For non-Bayesian-
based methods, Lakshminarayanan et al. proposed a deep
ensemble method to estimate uncertainty by training
several networks independently in parallel with randomly
initialized parameters and adversarial training strategy
[30]. Rupprecht et al. proposed an M-Heads method to
estimate the uncertainty by training a network with M
plausible hypotheses [31].

Although the methods mentioned above are relatively
straightforward to implement and can achieve state-of-
the-art results, they still have some drawbacks. For MC
Dropout and MCBN methods, they both rely on Monte
Carlo sampling and have to infer many times to get differ-
ent results for the same input. This process is rather time-
consuming, which is unacceptable for lots of applications,
especially medical image analysis. For the deep ensemble
method, multiple inferring is not necessary. However, it
is more memory-consuming than Bayesian-based methods
because it has to train numerous models simultaneously.
For M-Heads method, it requires designing a specific loss
function to generate multiple plausible hypotheses. This
process cannot guarantee that each hypothesis comprises
meaningful information. Unlike those above uncertainty
estimation methods, our framework leveraged the di-
versity of various outputs generated from the network
and made uncertainty estimation based on them. Hence,
our approach ensures that the multiple hypotheses are
meaningful, and it is more efficient than those based on
Monte Carlo sampling while less memory-consuming than
the deep ensemble method.

C. Contributions
In this paper, for the first time, we incorporated

hematoma expansion into the segmentation architecture
by directly modeling the hematoma variation between
adjacent slices, as illustrated in Fig.1. The main contribu-
tions of the proposed method can be listed as the following
four aspects:

• We introduced a novel module named Slice Expansion
Module (SEM), which directly models the hematoma
variation between two adjacent slices. The proposed
SEM can effectively exploit the context information

among adjacent slices by mapping predictions from
one slice to another.

• The proposed SLice EXpansion Network (SLEX-Net)
provides a new insight for intracranial hemorrhage
segmentation by incorporating the hematoma expan-
sion into the segmentation network, which turned out
to be extremely effective to improve the segmentation
performance.

• The proposed architecture provides a new method to
estimate the uncertainty of segmentation results with
one-time inference, which dramatically improves the
efficiency and achieves better-calibrated results than
existing uncertainty estimation methods.

• Compared to existing state-of-the-art methods, the
proposed architecture makes significant improve-
ments in segmentation results on several metrics,
including Dice Coefficient, Hausdorff Distance, and
Relative Volume Difference.

II. SLICE EXPANSION NETWORK

The main architecture of the SLEX-Net is illustrated
in Fig. 2. It mainly consists of three parts: intra-slice
segmentation, inter-slice aggregation, and uncertainty es-
timation. At first, in respect of exploiting the intra-slice
context, we utilized U-Net [14] as the backbone network to
get initial segmentation results for input slices. Then, we
proposed the SEM module, which modeled the hematoma
variation between two slices by mapping segmentation
results from one slice to another. The proposed module
can effectively capture the inter-slice context and transfer
context information among adjacent slices. By aggregat-
ing predictions from the backbone segmentation network
and the SEM module, our architecture makes significant
improvements in segmentation results. Moreover, the pro-
posed SLEX-Net enables us to estimate the uncertainty
of segmentation results with one-time inference, which is
much more efficient than traditional MC Dropout [28].
The detailed information about the proposed SLEX-Net
will be described in the following sections.

A. Intra-slice Segmentation with U-Net Baseline
In respect of exploiting the intra-slice context, we took

the most widely-used segmentation network U-Net [14]
as the segmentation backbone. Moreover, three adjacent
slices in the volume were fed into the proposed network
and processed by the backbone segmentation model with
shared parameters. In this way, the number of model
parameters is substantially reduced. Specifically, given
three arbitrary adjacent slices, {Si−1, Si, Si+1} in the CT
volume, we can get the predicted segmentation results
with the backbone network:

Pu = F (Su; Θb) , (1)

where u ∈ {i− 1, i, i+1} is the index of input slice, Pu is
the corresponding predicted probability for segmentation
result. F (·) denotes the backbone segmentation network,
Θb is the parameter of the backbone network.
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Fig. 2. Schematic of the proposed SLEX-Net. Three adjacent slices are fed into the network, and each slice is processed separately by the
backbone segmentation networks with shared parameters. The initial predicted results of the upper and lower slice can be mapped to the
middle slice. The refined result for the middle slice can be obtained by integrating the initial segmentation result and the mapping results.
Finally, the uncertainty of the prediction can be estimated with those multiple hypotheses generated from different branches.
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Fig. 3. Overview of the proposed SEM module. The proposed module takes three-channels data as its input, including the current CT
slice, the adjacent CT slice, and its prediction from the backbone network. The SEM module takes advantage of the difference between
those CT slices and maps one slice’s prediction to its neighbor slice.

B. Inter-slice Aggregation with Slice Expansion Module
(SEM)

As is illustrated in Section I, the initial hematoma
extends to adjacent tissue and eventually becomes the
ICH. The hematoma variations among adjacent slices
provide valuable context information and can further be
leveraged for ICH detection. Hence, to fully exploit those
contextual relations, we first modeled the hematoma vari-
ation between adjacent slices with a convolutional neural
network (CNN) for its powerful feature representation
ability. This network encodes the hematoma variation
between slices as discriminative features and enables
mapping hematoma regions from one slice to another.
We further designed two branches to exploit context
information from both upper and lower adjacent slices and
finally combined predictions from different branches with
the proposed consistency-weighted scheme. Consequently,
by modeling the correlation among adjacent slices and
aggregating results from different branches, one slice’s
prediction directly affects its neighbor slices. Hence the
continuity and accuracy of segmentation are significantly

improved.
1) Modeling Hematoma Variation between Adjacent Slices:

We proposed a Slice Expansion Module (SEM) which
models the hematoma variation between adjacent slices.
Specifically, we utilized U-Net architecture as a mapping
function in our SEM module to extract hierarchical
features and model the context relations between adjacent
slices. Fig.3 illustrates the detailed architecture of the
proposed SEM. The SEM module can be seen as a
mapping function which maps the segmentation result
from one slice to another. Hence, the proposed SEM can
generate predicted hematoma regions from its adjacent
slices. This process can be formulated as follows:

P
′

i−1→i = FSEM (Si−1, Si, Pi−1; Θsem) (2)

where P
′

i−1→i is the predicted probability of the mapping
result from (i− 1)-th to (i)-th slice, FSEM (·) is the
mapping function determined by Slice Expansion Module,
Si−1, Si are the (i− 1)-th and (i)-th CT slices, respec-
tively. Θsem is the corresponding model parameter, Pi−1

is the initial segmentation result of slice (i− 1) from the
backbone network.
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It is worth noting that the reason why we choose U-Net
in our slice expansion module and take the three-channel
data as its input is to demonstrate that the improvements
of segmentation performance attribute to our novel inter-
slices modeling idea rather than the architecture itself.
Because we did not carry out intricate module designs that
tailed for this specific task but chose the most common
encoder-decoder network in medical image segmentation.
Our implementation might seem pretty simple, yet it is
strongly scalable and straightforward. Hence, our imple-
mentation for the SEM is a tradeoff between performance
and scalability. Because of its strong scalability, the U-Net
utilized in SEM can be substituted by other state-of-the-
art architectures or well-designed modules.

2) Multi-Slice Aggregation (MSA): We modeled the
hematoma variation between two adjacent slices in II-
B.1. The proposed module enables mapping from one
slice’s hematoma region to its neighbor slice, which dis-
seminates context information between those two slices.
However, for a single slice in a CT volume, the inter-
slice context comprises information from both upper and
lower adjacent slices. Therefore, to fully exploit the inter-
slice context information, we then designed two branches
that contain different directions of expansion: forward
slice expansion and backward slice expansion. Each branch
consists of an SEM module, and they share parameters to
avoid too many parameters. Specifically, in the forward
slice expansion process, the contextual information flow
transfers from (i− 1)-th slice to (i)-th slice. This process
can be formulated as Equation (2). Likewise, it transfers
from (i + 1)-th slice to (i)-th slice in the backward slice
expansion process:

P
′

i+1→i = FSEM (Si+1, Si, Pi+1; Θsem) (3)

Consequently, the finer segmentation result of a slice can
be achieved by aggregating the predictions from multiple
slices:

P ag
i = (1− λ− µ) · Pi + λ · P

′

i−1→i + µ · P
′

i+1→i (4)

where λ, µ are the hyper-parameters for weighting the
mappings from forward and backward slice expansion
process, respectively. In our implementation, we set λ = µ
empirically. More importantly, our architecture becomes
symmetric with the parameter sharing strategy, and the
result is irrelevant to the input slices’ order.

3) Consistency Weighted Multi-Slice Aggregation(CW-
MSA): Our Multi-Slice Aggregation (MSA) method de-
scribed in II-B.2 can boost the performance in most
cases, yet it is still possible that it would exacerbate
the final results. For example, inaccurate predictions
from the backbone network are more likely to provide
misleading contextual information for its adjacent slices
and undermine the final results after the aggregation
process.

To mitigate such problem, we proposed a Consistency
Weighted Multi-Slice Aggregation (CW-MSA) strategy,
which alleviated the effect of incorrect mapping by de-
creasing the weight of wrong predicted pixels. Specifically,

we first constructed a Consistency Error Term (CET) by
calculating the difference between the forward and the
backward slice expansion:

CET =
∣∣∣P ′

i−1→i − P
′

i+1→i

∣∣∣ (5)

where CET is a matrix that contains pixel-wise absolute
error between mappings from upper and lower adjacent
slices. Besides, we believe that the mappings from both
slice expansion process should be consistent. Hence, large
CET means less consistent between those mappings, and
the weight of inconsistent pixels should be decreased
because the mappings may be inaccurate. In this case,
the aggregation results should concentrate more on itself
rather than its adjacent slices. We further constructed
a weighting function according to the consistency error
term:

W (k, l) = β · exp−CET (k,l)2 (6)

where W (k, l) denotes the weight at position (k, l) in a
CT slice. β ∈ [0, 0.5] is a hyper-parameter which deter-
mines the overall ratio of the mappings in aggregations
results. The weighting function demonstrates that the
CET and the weight are negatively correlated, and the
range of the weight W (k, l) ∈ (0, β] at all positions.
Eq.(6) is a Gaussian-like function that is smooth and
differentiable. More importantly, it ensures that pixels
with more consistent mapping results would achieve higher
weights in the aggregation process. Finally, the consistency
weighted aggregation predictions for a single slice i can
be formulated as follows:

P ag
i = (1− 2W ) · Pi +W · P

′

i−1→i +W · P
′

i+1→i (7)

The proposed consistency weighted aggregation strategy
substantially improved the segmentation results by taking
advantage of the consistency between mappings from both
slice expansion branches. The main merits of the proposed
strategy lie in: (1) it reduces the impact of incorrect
mapping for the aggregated predictions hence further
improves the continuity of adjacent slices’ predictions; (2)
The pixel-wise weights of the mappings are determined
through network optimization, which is more robust than
using a single weight for the whole slice.

C. Uncertainty Estimation with One-time Inference
Uncertainty estimation is important for medical image

segmentation tasks [32]. However, traditional MC Dropout
method is inefficient for its sampling strategy [33]. To
avoid the sampling process, inspired by the M-Heads based
methods [31], we estimate the uncertainty of the segmen-
tation results with multiple predicted outputs generated
from the proposed network. Specifically, based on the
intermediate results from the inter-slice aggregation pro-
cess, for a specific slice i, three outputs can be generated{
Pi, P

′

i+1→i, P
′

i−1→i

}
=
{
p1, p2, p3

}
. Consequently, the

uncertainty can be estimated by calculating the predictive
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entropy which is the most popular uncertainty estimation
metric, at each pixel j:

H (pj) = −

(
1

M

M∑
t=1

ptj

)
log

(
1

M

M∑
t=1

ptj

)
(8)

where M denotes the number of aggregated results, in our
case , M = 3; t ∈ {1, 2, 3} is the index of the output. ptj is
the predicted probability at pixel j of generated result pt

for hemorrhages. H (pj) is the predictive entropy at pixel
j.

As a result, the proposed SLEX-Net not only fully uti-
lized the contextual information but also simultaneously
estimated the uncertainty of the outputs with one-time
inference.

D. Loss Functions of the network
In this section, we describe details about the loss func-

tions adopted in the proposed SLEX-Net. To mitigate the
data imbalance issue between hemorrhage and background
regions, we utilized the weighted cross-entropy function
which is defined as:

L(ŷ, y) = − 1

N

N∑
n=0

1∑
c=0

wcycn log ŷ
c
n (9)

where ŷcn indicates the probability that pixel n belongs
to class c (hemorrhage or background), ycn is the label at
pixel n, wc denotes the weight for class c.

We first applied the weighted cross-entropy loss function
between final segmentation result (P ag

i ) and its ground
truth (P̄i), Lseg = L(P ag

i , P̄i). Similarly, we then employed
the same loss function to optimize the proposed SEM
module. This process contains losses of both forward ex-
pansion and backward expansion: Lsem = L(P

′

i+1→i, P̄i)+

L(P
′

i−1→i, P̄i). Finally, to train the whole SLEX-Net, we
combined the above two kinds of losses together:

L = γLseg + Lsem (10)

where γ is the weight that balance the importance of
segmentation loss and the slice expansion loss, we set
γ = 1 in the experiment empirically. Noted that we only
add supervision on the output of the center slice, i.e. Pi.
However, we can also add supervisions on Pi−1 and Pi+1,
the detailed analysis are described in the Appendix.

III. EXPERIMENTS AND DISCUSSION

A. Dataset and Pre-Processing
1) Dataset: We collected 250 non-contrast head CT

volumes of clinically diagnosed patients with different
kinds of ICH, including subdural hemorrhage, epidural
hemorrhage, intraventricular hemorrhage, intraparenchy-
mal hemorrhage, and subarachnoid hemorrhage. The size
of a CT slice is 512 × 512, and the number of slices
lies in [20, 70]. The pixel spacing of a CT volume is
0.42mm × 0.42mm × 5mm. All of the CT volumes were
manually segmented and cross-validated by experienced

neuro-radiologists. Among the 250 CT volumes, we ran-
domly separated them into training set, validation set,
and test set, which contains 180 cases, 20 cases, and 50
cases, respectively. Furthermore, to obtain the input data
used for the network, we constructed the real training and
validation set by continuously extracting three adjacent
slices from the volume data in the initial training and
validation sets in a top-down manner. Hence, the training
and validation sets contain not only hematoma slices but
also non-hematoma slices.

2) Pre-Processing: Similar to [34], we conducted skull
stripping by extracting the largest area which contained
the brain tissue slice by slice. To ensure consistency in
training, validating and testing phase, we performed skull
stripping for training, validation and testing datasets,
respectively. Besides, we adopted the windowing operation
to increase the contrast of the CT images. Specifically,
the pixel-wise windowing operation can be formulated as
follows:

I′(k, l) =

 0 I(k, l) ≤ Imin
255
WW [I(k, l)− Imin] Imin < I(k, l) < Imax

255 I(k, l) ≥ Imax

(11)
where I ′ (k, l) is the pixel value at (k, l) in a CT slice
after the windowing operation, while I (k, l) denotes the
corresponding original Hu value before windowing. WW
is the window width and WC is the window center. Imin,
Imax are the minimum and maximum Hu values we are
interested in. They can be achieved by :Imin = WC −
WW/2, Imax = WC + WW/2. In our experiment, we
applied the window center 40 and window width 90. In
addition, we normalized the intensity of a CT slice by
subtracting its mean and dividing the variance. Finally,
we resized each slice in the volume to 224 × 224 before
they were fed into the training model.

B. Evaluation Metrics
The evaluation metrics in our paper mainly consist of

two parts: the segmentation performance evaluation and
the uncertainty estimation assessment.

1) Evaluation of Segmentation Performance: To evaluate
the segmentation performance of the proposed network,
we adopted three widely used segmentation evaluation
metrics: Dice coefficient (Dice), Hausdorff Distance (HD),
and Relative Volume Difference (RVD). Specifically, for
the Dice metrics, we implemented it in a volume-wise
manner instead of slice-wise. We finally calculated the
average test score for all three metrics in the test set.
The above mentioned evaluation metrics are formulated
as follows:

Dice(P, T ) =
|P1 ∩ T1|

(|P1|+ |T1|) /2
(12)

HD(P, T ) = max

{
sup

p∈∂P1

inf
t∈∂T1

d(p, t), sup
t∈∂T1

inf
p∈∂P1

d(t, p)

}
(13)
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RVD(P, T ) = ABS

(
|P1| − |T1|

|T1|

)
(14)

where P refers to the predicted result, and T is the
corresponding ground truth label. | · | denotes the number
of voxels. P1, T1 represents the positive voxel sets in the
prediction and the ground truth, respectively. ∂T1, ∂P1 are
the surface of the predicted and the ground truth volumes.
d (p, t) denotes the Euclidean distance between two point
p, t. ABS (·) means absolute value.

2) Assessment of Uncertainty Estimation: To evaluate the
reliability of the proposed uncertainty estimation method,
we first utilized the Negative Log Likelihood (NLL) and
the Brier score [35] which have been applied in lots of
studies to assess uncertainty [9], [28], [30]. The NLL metric
is a standard method to evaluate model’s quality [36]
which has another equivalent term in deep learning: cross-
entropy loss. It is defined as:

NLL = − 1

N

N∑
n=0

1∑
c=0

ycn log ŷ
c
n (15)

The Brier score (Br) measures the accuracy of probabilistic
predictions by calculating the mean square error between
predicted probability and actual label, which is defined
as:

Br =
1

N

N∑
n=0

1∑
c=0

(ycn − ŷcn)
2 (16)

To further assess the uncertainty estimation, we followed
[9] and directly compared the confidence and expected
accuracy in test samples. Specifically, we applied reli-
ability diagrams [37], [38] as a visual assessment tool
and further calculated Expected Calibration Error (ECE)
[39] as a summary statistic of calibration. The reliability
diagrams plot the function between expected accuracy and
the model’s predicted probabilities, i.e., confidence. For
a perfect calibrated model, an identity function would
be plotted in the reliability diagram. For non-perfect
calibrated models, the deviation from the identity function
denotes miscalibration from the perfect calibrated model.

To plot the reliability diagram, we divided test samples
into M bins with equal size based on the predicted
probabilities (confidence). Let Bm be the set of indices
of samples whose predicted probabilities are within the
range Im =

(
m−1
M , m

M

]
. The expected accuracy of Bm

is acc (Bm) = 1
|Bm|

∑
n∈Bm

1 (ŷn = yn). The average con-
fidence of the bin Bm is conf (Bm) = 1

|Bm|
∑

n∈Bm
ŷn

. Finally, based on the expected accuracy and average
confidence, the ECE is given by:

ECE =
M∑

m=1

|Bm|
Ntest

|acc (Bm)− conf (Bm)| (17)

where Ntest is the total number of test samples. Actually,
ECE denotes the frequency weighted average difference
between expected accuracy and average confidence.

TABLE I
SEGMENTATION RESULTS OF ABLATION STUDY FOR SEM MODULE ON

TEST SET.

Model Dice
Backbone Network 0.818(±0.072)
SLEX-Net-F 0.843(±0.060)
SLEX-Net-B 0.855(±0.054)
SLEX-Net 0.863(±0.048)
SLEX-Net-4 0.820(±0.083)
SLEX-Net-6 0.840(±0.070)
SLEX-Net-8 0.848(±0.064)

C. Implementation and Application Details
Our model was trained on our NVIDIA RTX 2080Ti

GPU for 100 epochs. The initial learning rate was set to
0.0001 and decayed by multiplying 0.1 every 20 epochs.
The batch size was 2. More importantly, to speed up the
convergence of our model, we trained our model in two
independent stages. In the first stage, we trained the SEM
module and the backbone network, respectively. After
the training procedures were convergent, we then loaded
those trained model weights and started training the whole
SLEX-Net. Besides, to ease the data imbalance problem
between the lesion region and the background, we used
weighted cross-entropy loss as the loss function in both
stages, and we set the weight to 1.0 and 0.1 for lesion and
non-lesion areas, respectively. While testing, the top three
slices of the volume were first processed, then the network
slid one slice at a time on the CT volume until the entire
volume was traversed.

D. Ablation Analysis of the SLEX-Net
In this section, we conducted several ablation experi-

ments to validate the effectiveness of the proposed SLEX-
Net. We first performed an ablation study to test the
impact of the proposed SEM module. We then imple-
mented some ablation studies to validate the consistency
weighting strategy in multi-slice aggregation and tested
different weighting hyper-parameters.

1) Effectiveness of the Slice Expansion Module: To validate
the effectiveness of SEM, we designed an ablation experi-
ment that compared the results on models with different
numbers of the SEMs. Table I shows the comparison along
with the number of SEMs on the backbone network. The
descriptions towards those variants are as follows:

• Backbone Network: The SLEX-Net without SEM.
• SLEX-Net-F: The SLEX-Net with one SEM in the

forward slice expansion branch.
• SLEX-Net-B: The SLEX-Net with one SEM in the

backward slice expansion branch.
• SLEX-Net: The regular SLEX-Net with one SEM in

each slice expansion branch.
• SLEX-Net-E: The extension of regular SLEX-Net

with E SEM modules. Taking SLEX-Net-4 as an
example. For an arbitrary slice i in a volume, we
obtained two mappings

{
P

′

i−1→i, P
′

i+1→i

}
in the reg-

ular SLEX-Net; However, in SLEX-Net-4, we got four

Authorized licensed use limited to: UNIVERSITY OF WESTERN ONTARIO. Downloaded on August 12,2021 at 14:18:03 UTC from IEEE Xplore.  Restrictions apply. 



2168-2194 (c) 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/JBHI.2021.3103850, IEEE Journal of
Biomedical and Health Informatics

8 GENERIC COLORIZED JOURNAL, VOL. XX, NO. XX, XXXX 2021

Fig. 4. Examples of ICH segmentation result of the proposed SLEX-
Net and backbone network on the test set. The two rows represent
two adjacent CT slices of a ICH patient. The blue and red regions
denote the predicted results and the ground truth, respectively.

Fig. 5. Results of the consistency weighting experiment on the test
set. The x axis denotes different weight hyper-parameters for both
MSA(λ) and CW-MSA(β). The y-axis denotes the Dice coefficient.

mappings from
{
P

′

i−2→i, P
′

i−1→i, P
′

i+1→i, P
′

i+2→i

}
,

where P
′

i−2→i and P
′

i+2→i are mappings from i − 2
and i+ 2 slices respectively.

Results in Table I demonstrates that models with SEM
outperform the backbone network by a large margin. This
proves that the proposed SEM module can significantly
improve the segmentation performance. Besides, we can
see that the regular SLEX-Net is superior to its two
partial variants: SLEX-Net-F and SLEX-Net-B, which
means that the SEM in both forward and backward
expansion branches contribute to the performance growth.
Furthermore, all three extensions achieved worse results
than the regular SLEX-Net. This deterioration is probably
due to inaccurate pixel mapping results of non-adjacent
slices. In Fig.4, we show segmentation results of two
adjacent slices. It is clear that the proposed SLEX-
Net achieved more continuous results compared to the
backbone network. This mainly attributes to the SEM
module incorporated in the SLEX-Net, which effectively
captures the correlation among adjacent slices.

2) Validation of Consistency Weighting in Multi-Slice Ag-
gregation: We analyzed the effectiveness of the Consistency
Weighted Multi-Slice Aggregation (CW-MSA) strategy in

Fig. 6. Visualization of the uncertainty estimation and the cor-
responding predicted error. The first column is the CT slice. The
red and blue regions in the second and third columns denote the
ground truth and the predictions, respectively. The third column is
the uncertainty estimation result from our network. The color bar
at the right side denotes that the uncertainty grows with color from
blue to red. The Fourth column is the absolute predicted error of
our network, darker red means larger predicted error.

the proposed architecture. We conducted two experiments
that utilized different aggregation strategies, as mentioned
in Section II-B.1: CW-MSA and MSA. Meanwhile, for each
experimental setting, we implemented several experiments
under different weights in the aggregation process to assess
how different proportions of the mapping result would
affect the proposed SLEX-Net. We uniformly selected 11
weight values in range [0, 0.5] for each experimental set-
ting. Fig.5 illustrates the segmentation results for different
weights and aggregation strategies. We observe that the
segmentation performance first improved then decreased
as the weight of mappings increases for both aggregation
strategies. This change indicates that the proportions of
the mapping should be neither too large nor too small. We
finally adopt the CW-MSA strategy and choose β = 0.2
as the optimal weight value for our network. Besides,
Fig.5 demonstrates that the proposed CW-MSA strategy
achieved higher Dice than the naive MSA strategy for
any weight values. This improvement suggests that the
proposed CW-MSA can better exploit the contextual
information and reduce the impact of inaccurate mappings
for the aggregation results.

E. Discussion of the Uncertainty Estimation
To validate the effectiveness and efficiency of our

uncertainty estimation method, we first conducted an
experiment that compares the predicted errors with the
uncertainty estimations. Fig.6 is the visualization of the
comparison for three patients’ slices. It illustrates that
the uncertainty estimations inferred by our SLEX-Net
and the errors in predictions are highly correlated. These
high correlations prove that the uncertainty estimation
proposed by our SLEX-Net can be served as a reliable
indicator of segmentation error metric without utilizing
ground truth in the clinical practice.

To further illustrate the efficiency and effectiveness
of uncertainty estimation in our architecture, we com-
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TABLE II
EVALUATION OF UNCERTAINTY ESTIMATION OF THE PROPOSED METHOD AND OTHER STATE-OF-THE-ART TECHNIQUES ON THE TEST SET.

Methods Dice NLL Brier(%) ECE(%) Inference Time(s)
Baseline entropy 0.818(±0.072) 0.012(±0.010) 0.501(±0.600) 0.702(±0.201) 84.85
Baseline+MC Dropout [28] 0.832(±0.072) 0.010(±0.009) 0.401(±0.474) 0.399(±0.134) 382.45
Baseline +MCBN [29] 0.819(±0.077) 0.013(±0.008) 0.439(±0.565) 0.762(±0.210) 2074.36
Deep Ensemble [30] 0.839(±0.068) 0.009(±0.009) 0.387(±0.502) 0.344(±0.139) 109.52
Ours(SLEX-Net) 0.863(±0.048) 0.011(±0.007) 0.333(±0.418) 0.562(±0.098) 89.41

Fig. 7. The reliability diagram of the proposed method and other
uncertainty estimation methods on the test set

pared other uncertainty estimation methods including MC
Dropout [28], MCBN [29] and deep ensemble [30]. All
of those above methods utilized the same network as in
II-A. Besides, it is worth noting that those sampling-
based methods usually undertake tens or hundreds of
stochastic forward passes to achieve comparable results.
Hence, in our experiment, to ensure a fair comparison,
we set the number of sampling as 50 empirically. For
ensemble methods, we set the number of models equal to
the count of hypotheses utilized in the proposed network
for aggregation, i.e., 3. Moreover, for all uncertainty
estimation methods, we take the predicted entropy as
the uncertainty metric. Finally, we also calculated the
predicted entropy of the backbone network as the baseline
uncertainty measures in our experiments.

Table II illustrates the quantitative evaluation of the
uncertainty estimation for those methods. The evaluation
results show that the uncertainty estimated by our method
outperforms existing state-of-the-art methods in terms of
Brier metrics and is competitive with existing methods
in terms of NLL and ECE metrics. More importantly,
the proposed SLEX-Net is much more efficient than most
of the existing methods, especially for those sampling-
based techniques. Our method takes only 1/4 and 1/23
of the inference time for the MC Dropout and MCBN

methods, respectively. Noted that in real practice, the
number of samplings might be even larger. Therefore,
under such circumstances, the proposed method becomes
more efficient which is significant for clinical practice.
Fig.7 presents the reliability diagram of the comparison
of the proposed method and other uncertainty estimation
methods with ten bins. It demonstrates that most of the
methods are overconfident in their predictions, and the
proposed SLEX-Net are better-calibrated than any other
methods tested in our experiment. This further proves
that the proposed architecture can produce well-calibrated
predictions and that the proposed uncertainty estimation
approach is rather reliable.

F. Comparison with Other Segmentation Methods
To further prove the advantage of the proposed network,

we compared the results with some other works. Firstly, we
implemented some state-of-the-art methods for ICH seg-
mentation, such as U-Net [14], Patch-FCN [16] and 3D U-
Net [40], and compared them with the proposed method.
Secondly, to demonstrate the merit of our architecture
for efficient contextual exploitation, we compared the
proposed method with other related techniques, including
BDC-LSTM [19], AH-Net [41] and ACSConv [42]. Table
III shows the segmentation results of those method. It
indicates that the proposed SLEX-Net outperforms other
state-of-the-art methods by a large margin in all metrics.
Those improvements suggest that the proposed SLEX-
Net can effectively segment the ICH and better exploit
contextual information in ICH segmentation. Fig.8 is the
visualization of the segmentation results for the proposed
method and other state-of-the-art approaches. We can
observe that the predictions of SLEX-Net are much better
than that of other methods especially around the ICH
boundary. Moreover, the SLEX-Net significantly reduced
the false positive pixels in the predictions compared to
other techniques.

Fig.9 illustrates the qualitative results for the compar-
ison of our method and other state-of-the-art methods
on continuous slices. It demonstrates that the SLEX-Net
achieved more continuous segmentation results, and the
context information for the ICH segmentation is effectively
exploited in the proposed network.

Furthermore, to validate the ability for ICH volume
estimation of the proposed SLEX-Net, we compared the
ICH volumes from manual segmentation and the pre-
dictions from segmentation algorithms. We adopted the
method from [15] which calculated the ICH volume by
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TABLE III
SEGMENTATION RESULTS OF PROPOSED SLEX-NET AND OTHER STATE-OF-THE-ART METHODS ON THE TEST SET

Category Method Dice HD(mm) RVD(%) Params(M)

ICH Segmentation
Patch-FCN [16] 0.740(±0.168) 37.876(±12.734) 39.74(±88.41) 25.99
3D U-Net [40] 0.773(±0.134) 27.622(±17.087) 35.07(±50.34) 40.16
U-Net [14] 0.818(±0.072) 30.782(±11.057) 26.78(±19.28) 13.39

Context Exploitation
AH-Net [41] 0.734(±0.163) 31.646(±14.708) 31.45(±21.95) 27.09
ACSconv [42] 0.681(±0.237) 37.505(±17.702) 83.26(±203.3) 13.39

BDC-LSTM [19] 0.812(±0.082) 30.481(±11.414) 26.76(±18.56) 13.98
Ours(SLEX-Net) 0.863(±0.048) 23.009(±13.086) 8.75(±7.96) 26.79

Fig. 8. Examples of segmentation results of the proposed SLEX-Net and other state-of-the-art methods on the test set. Each row represents
a slice from a different patient. The red regions denote the ground truth and the blue regions denote the predicted results.

Fig. 9. Segmentation results of the proposed SLEX-Net and other state-of-the-art methods on some contiguous slices. Each row represents
a slice from the same patient. The red regions denote the ground truth and the blue regions denote the predicted results.
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Fig. 10. Comparisons of ICH volume estimation between manual segmentation and different segmentation algorithms.R2 is the coefficient
of determination, which shows how well the regression line fits the observations. In each subplot, the blue dots and the blue line represent
data points and fitting lines, respectively. The shadow blue area denotes the 95% confidence intervals.

multiplying the voxel numbers of ICH and the pixel
spacing in x,y,z dimensions. The mean ICH volumes of the
test dataset are 7.921±10.29, 7.912±10.50, 9.917±13.33,
9.614 ± 12.37 , 9.44 ± 11.99, 9.797 ± 13.08, 9.550 ± 12.14
and 8.301 ± 10.85 mL for manual, SLEX-Net, 3D U-
Net, BDC-LSTM ,U-Net, AH-Net, ACSconv and Patch-
FCN respectively. Fig.10 illustrated the comparison of
ICH volume estimation results from different segmenta-
tion methods, and the ICH volume groundtruth (manual
segmentation). The results demonstrate that there exist
strong correlations between the volumes calculated from
the proposed SLEX-Net and manual segmentation (R2 =
0.994). Besides, our method outperforms existing methods
by a large margin in terms of ICH volume estimation.
Therefore, the proposed SLEX-Net is a possible solution
for clinical ICH volume estimation.

IV. CONCLUSION

In this study, we propose a SLice EXpansion Network
(SLEX-Net) that incorporates hematoma expansion in the
segmentation architecture by combining U-Net with the
proposed SEM module. The proposed SLEX-Net takes
advantage of both intra-slice and inter-slice context while
simultaneously estimates the segmentation uncertainty
of the network with one-time inference. Experimental
results demonstrate that the proposed method can ac-
curately segment intracranial hemorrhage and achieve
precise volume estimation. More importantly, our method
provides efficient uncertainty estimation results, which
outperformed other state-of-the-art methods by a large
margin. Most notably, to the best of our knowledge, this
is the first study to incorporate hemetoma expansion in
ICH segmentation tasks. Our results provide compelling
evidence for the significance of utilizing prior information

on the ICH lesion formation and suggest that our approach
is a possible solution for ICH volume estimation in clinical
practice.

APPENDIX

A. Test supervision on Pi−1 and Pi+1

In the proposed SLEX-Net, we combined the segmen-
tation loss and the slice expansion loss as Equation.10.
However, we only consider the supervision from the center
slice i. There also exist other supervisions for the three
input slices, i.e., supervisions on Pi−1 and Pi+1. Hence, we
added extra supervisions on Pi−1 and Pi+1: Lbackbone =
L(Pi−1, P̄i−1) + L(Pi+1, P̄i+1), where P̄i−1 and P̄i+1 are
ground truth for slice Pi−1 and Pi+1, respectively. Finally,
to train the whole SLEX-Net, we combined the above three
kinds of losses as follows:

L = γLseg + κLsem + Lbackbone (18)

where γ, κ are the weights that balance the importance of
the segmentation loss and the slice expansion loss. We set
γ = κ = 1 in the experiment empirically.

To verify whether this supervision is essential for our
network, we carried out several experiments with this new
loss function. We named the SLEX-Net with extra super-
vision as ”SLEX-Net++”, with other parameter settings
consistent with the SLEX-Net. Table IV illustrates the
segmentation results of our original SLEX-Net and the
SLEX-Net++ network with λ = 0.2. The experimental
results demonstrate that the SLEX-Net++ is inferior to
the SLEX-Net in terms of all the metrics.

Moreover, similar to the ablation study on consistency
weighing, we further tested the effect of the hyper-
parameter λ for the SLEX-Net++. Fig.11 illustrates the
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TABLE IV
SEGMENTATION RESULTS OF PROPOSED SLEX-NET AND

SLEX-NET++ ON THE TEST SET

Method Dice HD(mm) RVD(%)
SLEX-Net 0.863(±0.048) 23.009(±13.086) 8.75(±7.96)
SLEX-Net++ 0.857(±0.049) 23.579(±12.154) 11.91(±9.80)

Fig. 11. Segmentation results of proposed SLEX-Net and SLEX-
Net++ on the test set with different weights for aggregation. The x
axis denotes different weight hyper-parameters for both SLEX-Net
and SLEX-Net++. The y-axis denotes the Dice coefficient.

segmentation results on different λ for both SLEX-Net
and SLEX-Net++. Experimental results demonstrate that
the Dice metric first improves then decreases as the
weight of mappings increases. This is consistent with
the original SLEX-Net. Besides, the original SLEX-Net
achieved better Dice performance than the SLEX-Net++
for all the tested λ.

Hence, considering that the SLEX-Net++ achieved
worse performance than the original SLEX-Net, we didn’t
add those supervisions in our architecture.

ACKNOWLEDGMENT

We gratefully acknowledge the neuro-radiologists in
Peking University Shougang Hospital, China for providing
valuable suggestions for ICH data analysis. We thank
Dong Liang for his valuable suggestions.

REFERENCES

[1] C. J. van Asch, M. J. Luitse, G. J. Rinkel, I. van der Tweel,
A. Algra, and C. J. Klijn, “Incidence, case fatality, and
functional outcome of intracerebral haemorrhage over time,
according to age, sex, and ethnic origin: a systematic review
and meta-analysis,” Lancet. Neurol, vol. 9, no. 2, pp. 167–176,
Feb. 2010.

[2] J. N. Goldstein and A. J. Gilson, “Critical care management
of acute intracerebral hemorrhage,” Curr. Treat. Option. Ne,
vol. 13, no. 2, pp. 204–216, Jan. 2011.

[3] J. P. Broderick, T. G. Brott, J. E. Duldner, T. Tomsick, and
G. Huster, “Volume of intracerebral hemorrhage. a powerful and
easy-to-use predictor of 30-day mortality.” Stroke, vol. 24, no. 7,
pp. 987–993, Jan. 1993.

[4] K. B. Prakash, S. Zhou, T. C. Morgan, D. F. Hanley, and
W. L. Nowinski, “Segmentation and quantification of intra-
ventricular/cerebral hemorrhage in ct scans by modified dis-
tance regularized level set evolution technique,” Int. J. Comput.
Ass. Rad, vol. 7, no. 5, pp. 785–798, Feb. 2012.

[5] M. Islam, P. Sanghani, A. A. Q. See, M. L. James, N. K. K.
King, and H. Ren, “Ichnet: Intracerebral hemorrhage (ich)
segmentation using deep learning,” in Proc. Int. MICCAI
Brainlesion Workshop. Springer, 2018, pp. 456–463.

[6] R. U. Kothari, T. Brott, J. P. Broderick, W. G. Barsan,
L. R. Sauerbeck, M. Zuccarello, and J. Khoury, “The abcs of
measuring intracerebral hemorrhage volumes,” Stroke, vol. 27,
no. 8, pp. 1304–1305, Aug. 1996.

[7] A. J. Webb, N. L. Ullman, T. C. Morgan, J. Muschelli,
J. Kornbluth, I. A. Awad, S. Mayo, M. Rosenblum, W. Ziai,
M. Zuccarrello et al., “Accuracy of the abc/2 score for intrac-
erebral hemorrhage: systematic review and analysis of mistie,
clear-ivh, and clear iii,” Stroke, vol. 46, no. 9, pp. 2470–2476,
Aug. 2015.

[8] J. Cho, K.-S. Park, M. Karki, E. Lee, S. Ko, J. K. Kim, D. Lee,
J. Choe, J. Son, M. Kim et al., “Improving sensitivity on
identification and delineation of intracranial hemorrhage lesion
using cascaded deep learning models,” J. Digit. Imaging, vol. 32,
no. 3, pp. 450–461, Jan. 2019.

[9] C. Guo, G. Pleiss, Y. Sun, and K. Q. Weinberger, “On cali-
bration of modern neural networks,” in Proc. 34th Int. Conf.
Mach. Learn, vol. 70. JMLR. org, 2017, pp. 1321–1330.

[10] M. I. Aguilar and T. G. Brott, “Update in intracerebral
hemorrhage,” Neurohospitalist, vol. 1, no. 3, pp. 148–159, June
2011.

[11] C. M. Fisher, “Pathological observations in hypertensive cere-
bral hemorrhage,” J. Neuropath. Exp. Neur, vol. 30, no. 3, pp.
536–550, July 1971.

[12] N. Mutlu, R. G. BERRY, and B. J. ALPERS, “Massive cere-
bral hemorrhage: clinical and pathological correlations,” Arch.
Neurol., vol. 8, no. 6, pp. 644–661, June 1963.

[13] H. Lee, S. Yune, M. Mansouri, M. Kim, S. H. Tajmir, C. E. Guer-
rier, S. A. Ebert, S. R. Pomerantz, J. M. Romero, S. Kamalian
et al., “An explainable deep-learning algorithm for the detection
of acute intracranial haemorrhage from small datasets,” Nat.
Biomed. Eng, vol. 3, no. 3, p. 173, Dec. 2019.

[14] O. Ronneberger, P. Fischer, and T. Brox, “U-net: Convolutional
networks for biomedical image segmentation,” in Proc. Int.
Conf. Med. Image Comput. Comput.-Assisted Intervention.
Springer, 2015, pp. 234–241.

[15] N. Ironside, C.-J. Chen, S. Mutasa, J. Sim, D. Roh, D. Ding,
S. Mayer, A. Lignelli, and E. Connolly, “Fully automated
segmentation algorithm for hematoma volumetric analysis in
spontaneous intracerebral hemorrhage,” Stroke, vol. 51, no.
Suppl_1, pp. A78–A78, Nov. 2020.

[16] W. Kuo, C. Häne, E. Yuh, P. Mukherjee, and J. Malik, “Patch-
fcn for intracranial hemorrhage detection,” arXiv preprint
arXiv:1806.03265, 2018.

[17] P. D. Chang, E. Kuoy, J. Grinband, B. D. Weinberg, M. Thomp-
son, R. Homo, J. Chen, H. Abcede, M. Shafie, L. Sugrue et al.,
“Hybrid 3d/2d convolutional neural network for hemorrhage
evaluation on head ct,” Am. J. Neuroradiol, vol. 39, no. 9, pp.
1609–1616, Sept. 2018.

[18] D. Kwon, J. Ahn, J. Kim, I. Choi, S. Jeong, Y.-S. Lee, J. Park,
and M. Lee, “Siamese u-net with healthy template for accurate
segmentation of intracranial hemorrhage,” in Proc. Int. Conf.
Med. Image Comput. Comput.-Assisted Intervention. Springer,
2019, pp. 848–855.

[19] J. Chen, L. Yang, Y. Zhang, M. Alber, and D. Z. Chen,
“Combining fully convolutional and recurrent neural networks
for 3d biomedical image segmentation,” in Proc. Adv. Neural
Inf. Process. Syst, 2016, pp. 3036–3044.

[20] Q. Zheng, H. Delingette, N. Duchateau, and N. Ayache, “3-d
consistent and robust segmentation of cardiac images by deep
learning with spatial propagation,” IEEE Trans. Med. Imaging,
vol. 37, no. 9, pp. 2137–2148, Sept. 2018.

[21] Q. Dou, H. Chen, L. Yu, J. Qin, and P.-A. Heng, “Multilevel
contextual 3-d cnns for false positive reduction in pulmonary
nodule detection,” IEEE Trans. Biomed. Eng., vol. 64, no. 7,
pp. 1558–1567, July 2016.

[22] A. A. A. Setio, F. Ciompi, G. Litjens, P. Gerke, C. Jacobs,
S. J. Van Riel, M. M. W. Wille, M. Naqibullah, C. I. Sánchez,

Authorized licensed use limited to: UNIVERSITY OF WESTERN ONTARIO. Downloaded on August 12,2021 at 14:18:03 UTC from IEEE Xplore.  Restrictions apply. 



2168-2194 (c) 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/JBHI.2021.3103850, IEEE Journal of
Biomedical and Health InformaticsLI et al.: HEMATOMA EXPANSION CONTEXT GUIDED INTRACRANIAL HEMORRHAGE SEGMENTATION AND UNCERTAINTY ESTI-

MATION 13

and B. van Ginneken, “Pulmonary nodule detection in ct
images: false positive reduction using multi-view convolutional
networks,” IEEE Trans. Med. Imaging, vol. 35, no. 5, pp. 1160–
1169, May 2016.

[23] X. Li, H. Chen, X. Qi, Q. Dou, C.-W. Fu, and P.-A. Heng, “H-
denseunet: hybrid densely connected unet for liver and tumor
segmentation from ct volumes,” IEEE Trans. Med. Imaging,
vol. 37, no. 12, pp. 2663–2674, Dec. 2018.

[24] M. H. Jensen, D. R. Jørgensen, R. Jalaboi, M. E. Hansen, and
M. A. Olsen, “Improving uncertainty estimation in convolu-
tional neural networks using inter-rater agreement,” in Proc.
Int. Conf. Med. Image Comput. Comput.-Assisted Intervention.
Springer, 2019, pp. 540–548.

[25] K. Wickstrøm, M. Kampffmeyer, and R. Jenssen, “Uncertainty
and interpretability in convolutional neural networks for se-
mantic segmentation of colorectal polyps,” Med. Image Anal.,
vol. 60, p. 101619, Feb. 2020.

[26] M. Lê, J. Unkelbach, N. Ayache, and H. Delingette, “Sampling
image segmentations for uncertainty quantification,” Med. Im-
age Anal., vol. 34, pp. 42–51, Dec. 2016.

[27] N. Srivastava, G. Hinton, A. Krizhevsky, I. Sutskever, and
R. Salakhutdinov, “Dropout: a simple way to prevent neural
networks from overfitting,” J. Mach. Learn. Res, vol. 15, no. 1,
pp. 1929–1958, 2014.

[28] Y. Gal and Z. Ghahramani, “Dropout as a bayesian approxi-
mation: Representing model uncertainty in deep learning,” in
Proc. Int. Conf. Mach. Learn., 2016, pp. 1050–1059.

[29] M. Teye, H. Azizpour, and K. Smith, “Bayesian uncertainty
estimation for batch normalized deep networks,” arXiv preprint
arXiv:1802.06455, 2018.

[30] B. Lakshminarayanan, A. Pritzel, and C. Blundell, “Simple and
scalable predictive uncertainty estimation using deep ensem-
bles,” in Proc. Adv. Neural Inf. Process. Syst, 2017, pp. 6402–
6413.

[31] C. Rupprecht, I. Laina, R. DiPietro, M. Baust, F. Tombari,
N. Navab, and G. D. Hager, “Learning in an uncertain world:
Representing ambiguity through multiple hypotheses,” in Proc.
IEEE. Int. Conf. Comput. Vision, 2017, pp. 3591–3600.

[32] P. Seeböck, J. I. Orlando, T. Schlegl, S. M. Waldstein, H. Bo-
gunović, S. Klimscha, G. Langs, and U. Schmidt-Erfurth,
“Exploiting epistemic uncertainty of anatomy segmentation for
anomaly detection in retinal oct,” IEEE Trans. Med. Imaging,
vol. 39, no. 1, pp. 87–98, Jan. 2019.

[33] G. Luo, S. Dong, W. Wang, K. Wang, S. Cao, C. Tam, H. Zhang,
J. Howey, P. Ohorodnyk, and S. Li, “Commensal correlation
network between segmentation and direct area estimation for bi-
ventricle quantification,” Med. Image Anal., vol. 59, p. 101591,
Jan. 2020.

[34] M. Vidya, Y. Mallya, A. Shastry, and J. Vijayananda, “Re-
current sub-volume analysis of head ct scans for the detection
of intracranial hemorrhage,” in Proc. Int. Conf. Med. Image
Comput. Comput.-Assisted Intervention. Springer, 2019, pp.
864–872.

[35] G. W. Brier, “Verification of forecasts expressed in terms of
probability,” Mon. Weather Rev., vol. 78, no. 1, pp. 1–3, 1950.

[36] J. Friedman, T. Hastie, and R. Tibshirani, The elements of
statistical learning. Springer series in statistics New York, 2001,
vol. 1, no. 10.

[37] A. Niculescu-Mizil and R. Caruana, “Predicting good probabil-
ities with supervised learning,” in Proc. 22nd Int. Conf. Mach.
Learn., 2005, pp. 625–632.

[38] M. H. DeGroot and S. E. Fienberg, “The comparison and
evaluation of forecasters,” J. R. Stat. Soc. Ser. D. Stat, vol. 32,
no. 1-2, pp. 12–22, Mar. 1983.

[39] M. P. Naeini, G. Cooper, and M. Hauskrecht, “Obtaining well
calibrated probabilities using bayesian binning,” in Proc. 29th
AAAI Conf. Artif. Intell., 2015.

[40] Ö. Çiçek, A. Abdulkadir, S. S. Lienkamp, T. Brox, and O. Ron-
neberger, “3d u-net: learning dense volumetric segmentation
from sparse annotation,” in Proc. Int. Conf. Med. Image Com-
put. Comput.-Assisted Intervention. Springer, 2016, pp. 424–
432.

[41] S. Liu, D. Xu, S. K. Zhou, O. Pauly, S. Grbic, T. Mertelmeier,
J. Wicklein, A. Jerebko, W. Cai, and D. Comaniciu, “3d
anisotropic hybrid network: Transferring convolutional features
from 2d images to 3d anisotropic volumes,” in Proc. Int. Conf.

Med. Image Comput. Comput.-Assisted Intervention. Springer,
2018, pp. 851–858.

[42] J. Yang, X. Huang, B. Ni, J. Xu, C. Yang, and G. Xu,
“Reinventing 2d convolutions for 3d medical images,” ArXiv,
vol. abs/1911.10477, 2019.

Authorized licensed use limited to: UNIVERSITY OF WESTERN ONTARIO. Downloaded on August 12,2021 at 14:18:03 UTC from IEEE Xplore.  Restrictions apply. 


