
IEEE TRANSACTIONS ON MEDICAL IMAGING, VOL. 39, NO. 4, APRIL 2020 985

Stacked Bidirectional Convolutional LSTMs for
Deriving 3D Non-Contrast CT From

Spatiotemporal 4D CT
Sil C. van de Leemput , Mathias Prokop, Bram van Ginneken, and Rashindra Manniesing

Abstract— The imaging workup in acute stroke can be
simplified by deriving non-contrast CT (NCCT) from CT
perfusion (CTP) images. This results in reduced workup
time and radiation dose. To achieve this, we present a
stacked bidirectionalconvolutionalLSTM (C-LSTM) network
to predict 3D volumes from 4D spatiotemporal data. Several
parameterizations of the C-LSTM network were trained on
a set of 17 CTP-NCCT pairs to learn to derive a NCCT from
CTP and were subsequently quantitatively evaluated on a
separate cohort of 16 cases. The results show that the
C-LSTM network clearly outperforms the baseline and com-
petitive convolutional neural network methods. We show
good scalability and performance of the method by contin-
ued training and testing on an independent dataset which
includes pathology of 80 and 83 CTP-NCCT pairs, respec-
tively. C-LSTM is, therefore, a promising general deep learn-
ing approach to learn from high-dimensionalspatiotemporal
medical images.

Index Terms— Deep learning, neural networks, long
short-term memory, LSTM, convolutional neural network,
CNN, convolutional LSTM, C-LSTM.

I. INTRODUCTION

COMPUTED tomography (CT) is the preferred modality
in the imaging workup of patients suspected of acute

stroke, since fast diagnosis is critical for patient outcome.
A stroke workup consists of a non-contrast CT (NCCT) scan to
identify hemorrhages, is followed by a CT angiography (CTA)
to assess the blood flow within the cerebral vasculature, and is
often followed by a CT perfusion (CTP) to differentiate core
(irreversibly damaged brain tissue) and penumbra (salvageable
tissue) [1]. The CTA and CTP are respectively a 3D and 4D
(sequence of 3D images) acquisition which are both acquired
after the injection of contrast agent.

Randomized control trials published in 2015 including MR
CLEAN [2] and others [3]–[6] have shown the benefit of
endovascular therapy in ischemic stroke patients with proximal
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occlusions and have led to the inclusion of CTA imaging to the
stroke guidelines [7] with the highest level of recommendation.
Three recent randomized control trials (DAWN [8], DEFUSE
3 [9], and EXTEND [10]) have unequivocally shown the
value of CTP for patient selection beyond the recommended
time window of six hours who will benefit from endovascular
thrombectomy. These findings have led to the adoption of CTP
imaging as the highest recommendation in the modern stroke
guidelines [1]. Hence, CTP, just like CTA, is likely to become
part of the clinical routine in the acute stroke imaging workup.

Ischemic stroke is the most prevalent type within acute
stroke patients (87% [11]) which requires taking at least a
CTA and often a CTP besides the conventional NCCT scan.
When a patient enters the hospital with suspicion of stroke,
a simplification of the stroke workup can be achieved by only
acquiring a CTP and subsequently deriving the NCCT and
CTA from the CTP, hereby reducing workup time, contrast
usage, and radiation dose. The radiation doses are approxi-
mately in the ranges of 2.0-2.7, 2.8-5.4, and 5.0-6.0 mSv for
respectively NCCT, CTA, and CTP [12]–[15]. The workup
time is in the order of one to two minutes for each of the scans.
The contrast usage for CTA and CTP are similar. Deriving the
CTA and NCCT from the CTP is feasible because the CTP in
principle contains more information than the other two scans.
The feasibility of deriving high-quality CTA from CTP was
shown in previous work [16].

We present a novel convolutional LSTM (C-LSTM) neural
network designed to derive 3D volumes from 4D spatiotem-
poral data. The main contribution of this work is that we show
the potential of the C-LSTM for deriving 3D volumes from
4D spatiotemporal data and we present the first application for
deriving NCCT from CTP, which has the potential to simplify
the stroke imaging workup.

A. Related Work
C-LSTM [17] is a type of recurrent neural network which

combines the long short-term memory (LSTM) network
[18] – the standard for processing sequential data – with
convolution neural networks [19] – the standard for processing
spatial data – by replacing the internal matrix multiplica-
tions of the weights with the input and hidden states with
convolutional operations. The added convolutions allow to
simultaneously encode spatial features while also encoding
long-term recurrent dependencies. In contrast, normal LSTMs
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can encode changes on the pixel level, yet they cannot encode
spatial features over time (e.g., motion). Hence, C-LSTM
networks are different from methods stacking normal LSTM
networks on top of conventional convolutional layers, although
these are often found under the same name in the literature.
We will only consider C-LSTM networks that have convolu-
tions integrated for the remainder of this paper.

The C-LSTM model has been first introduced in [17] to
predict the weather from video sequences. The model was
designed to encode spatiotemporal information in general,
hence the model has found its application in a range of
domains: video analysis [20], [21], human pose and ges-
ture recognition [22]–[24], various sensor array monitoring
setups [25]–[28], and protein structure prediction [29], [30].
There have been a few applications of the C-LSTM model
for medical image data, but most focus on segmentation tasks
and predicting a 3D volume from a sequence of 2D slice-based
(2D + slice) instead of predicting a 3D volume from temporal
sequences of 3D volumes (3D + time) [31]–[33].

Despite the many interesting applications of the C-LSTM,
it has not yet been applied to derive 3D volumes from 4D spa-
tiotemporal medical images or CTP data. Furthermore, most
C-LSTM applications have been limited to 3D spatiotemporal
video data (2D + time) and were not designed to handle 4D
dynamic volumetric data (3D + time).

Only a few deep learning approaches have been presented
that were applied to 4D medical data when excluding multi-
modal/multi-channel 3D data. Shin et al. [34] used stacked
autoencoders for unsupervised multiple organ detection in
dynamic MRI data, but produce rough segmentations at best.
Xu and LeBeau [35] automatically aligned and analyzed
convergent beam electron diffraction patterns from big 4D
micro electroscopic data using a hierarchy of several classical
feed-forward convolutional neural networks (CNN). The only
other existing application of deep learning on CTP data within
the literature is experimental work by Vargas et al. [36],
yet they focused on classification and their evaluation was
somewhat limited. None of the mentioned works use deep
learning and CTP data.

Several CNNs for medical image derivation and reconstruc-
tion exist in the literature reporting overall small improved per-
formance over traditional approaches (see [37] and [38] for an
overview of these topics). The CNN methods typically employ
a regression approach, i.e., optimizing the L2 loss between
target and derivation. Nie et al. [39] derived CT from MRI
images using four 3D convolutional layers. Bahrami et al. [40]
used a CNN network for deriving 7T from 3T MRI with
four 3D convolutional layers. Others used CNNs to perform
image denoising on low-dose 2D CT images to derive denoised
images [41], [42]. However, the majority of the proposed
regression approaches only cover 2D or 3D images and are
not designed to account for the temporal information of the
CTP.

Generative adversarial networks (GAN) [43] are increas-
ingly used for image generation and derivation [44], [45].
In this setting, two networks are trained in competition: a
generator that tries to generate images looking similar to the
target image distribution, and a discriminator that tries to

distinguish between images made by the generator and the
real images. A well-trained generator can create images that
appear to be drawn from the real target data distribution.
A popular GAN for image synthesis is the CycleGAN [46],
which can synthesize images when trained with unpaired target
and source images. This technique has been applied in medical
imaging [47] for 2D unpaired MR to CT synthesis. However,
GANs have not yet been applied to 4D data nor NCCT derived
from CTP data, and these methods are more demanding with
respect to memory usage and processing time. We preferred a
simple regression training scheme over adversarial training:
The generator network within a GAN training scheme is
known to mimic the source data distribution [43], which
contains a lot of undesired noise in the use case we considered
in this work. Minimizing the mean squared error between
derivation and target has a simpler training procedure, is sim-
pler to optimize during model training, and yields smoother
results [47].

We introduce a general stacked bidirectional convolutional
LSTM deep learning model for deriving 3D volumes from
spatiotemporal 4D data. Using this model, the feasibility of
deriving a NCCT from CTP is demonstrated. This is a major
extension of our previous work: the stacked C-LSTM model
was simplified by removing the extra 3D convolutions on top
of the C-LSTM layers, and ablation experiments were added
for the hyperparameters and for the number of timepoints [48].
Additionally, the model was compared to state-of-the-art deep
learning methods and validated for scalability to a larger
dataset and cases with pathology.

II. METHODS

A. C-LSTM

The convolutional LSTM model (C-LSTM) from [17] was
used, which is an adaptation of the normal LSTM model and
can be described by the following equations:

it = σ(xt ∗x Wxi + ht−1 ∗h Whi + bi )

ft = σ(xt ∗x Wx f + ht−1 ∗h Wh f + b f )

ot = σ(xt ∗x Wxo + ht−1 ∗h Who + bo)

gt = τ(xt ∗x Wxc + ht−1 ∗h Whc + bc)

ct = ft � ct−1 + it � gt

ht = ot � ω(ct ) (1)

where xt and ht−1 are the inputs at timepoint t , with xt the
input sequence data at timepoint t and ht−1 the previous
hidden state. ht is the output at timepoint t and also the
hidden input state for the next timepoint t + 1. it , ft , ot , and
gt are the input gate, the forget gate, the output gate, and
the cell state, respectively; this encodes how much the input
at the current timepoint and the hidden state from previous
timepoint contribute to the current cell state ct through the
weight matrices Wx and Wh and biases b. Usually, σ and τ
are the sigmoid and hyperbolic tangent functions. � is the
element wise product and ∗x and ∗h are the convolution
operators for the input and the recurrent input respectively. ω
was set to the hyperbolic tangent function. Figure 1 shows a
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Fig. 1. Graphical representation of a single 3D convolutional long
short term memory (3D C-LSTM) layer for processing 4D spatiotemporal
data. Each cube represents a 3D subvolume. Input 4D spatiotemporal
sequence (x0, x1, . . . , xT−1, xT) of length T with each 3D subvolume xt
at timepoint t can be found at the bottom. Each input subvolume xt with
the hidden state ht−1 and cell state ct−1 subvolumes from the previous
timepoint (on the left) are fed into the C-LSTM equations 1 resulting in
a new cell state subvolume ct and a hidden/output subvolume ht (on
the right). By repeatedly feeding the subvolumes xt from the sequence
to the C-LSTM equations and combining the resulting hidden/output
states ht you obtain a novel processed 4D spatiotemporal sequence
(h0,h1, . . . , hT−1,hT) of length T (at the top).

graphical representation of the C-LSTM equations for sequen-
tially processing 3D spatiotemporal data.

Note that the C-LSTM is essentially a generalization of the
conventional LSTM. The normal LSTM computations can be
obtained for the C-LSTM model by setting a convolutional
kernel of 13 for ∗x and ∗h or by entirely replacing the
convolution operations with matrix multiplications.

1) C-LSTM Layer: Since the C-LSTM falls within the class
of recurrent neural networks, it can have any of the following
input-output sequence mappings: one-to-one, one-to-many,
many-to-one, or many-to-many. However, we only considered
two variants which encapsulate Eqs. (1) in a single layer.
This results in a function F : S → S which takes in a
sequence S of length l and outputs an equally lengthy sequence
(h1, h2, . . . , hl−1, hl) or, alternatively, only the last state in the
sequence hl .

2) Bidirectional C-LSTM: In a bidirectional approach to
sequences, the signal is processed both from 0 to N and
also from N to 0 by another similar recurrent network.
Finally, the two results are combined, and this generally
yields better results. Since we knew the entire sequence
length beforehand, the bidirectional approach was used and
the sequences at the end were summed; given sequence
output 1 (h1

1, h1
2, . . . , h1

l−1, h1
l ) and the reversed but same-

sized sequence output 2 (h2
l , h2

l−1, . . . , h2
2, h2

1), the output
sequence y of the combined bidirectional LSTM becomes
y = (h1

1 + h2
l , h1

2 + h2
l−1, . . . , h1

l−1 + h2
2, h1

l + h2
1).

3) Stacked C-LSTM: The previously described components
were combined in a network consisting of a parameteriz-
able stack of C-LSTM layers and convolutions. A schematic
overview of the K , f, ∗x , ∗h -stacked C-LSTM network is
shown in Fig. 2.

Fig. 2. Parameterizable K, f, ∗x, ∗h-stacked C-LSTM network. In green,
K bidirectional C-LSTM layers with f filters, ∗x the size of the input
kernel, and ∗h the size of the recurrent kernel. In gray, a single 3D
convolution with one filter, 13 kernel, and identity activation function.
At the top, the input sequence is a 6D tensor (a number of 3D subvolumes
sequences of T timepoints, with a single dummy filter) which is reduced
to a 5D tensor with f filters after the last C-LSTM layer. Subsequently,
the single filter 3D convolution renders the final output a single filter 5D
tensor at the bottom.

The network takes a batch of one or more 3D spatiotemporal
input sequences of length T timepoints as a 6D tensor with the
following dimensions: batch size, timepoints, number of filters,
and the spatial dimensions (z, y, x). The filter dimension
was introduced for implementation convenience following the
Keras data format and was always set to one for the input
tensor. The batch of sequences was fed through a stack of
K bidirectional C-LSTM layers, each with f filters, ∗x input
convolution kernel size, and ∗h hidden convolution kernel size.
All K bidirectional C-LSTM layers passed on the entire length
of the sequences to the next layer, which was the entire output
sequence y composed from the forward and backward hidden
states h1 and h2 as described in section II-A2. The last layer
in the stack only passed a single prediction (yT ) for its input
sequence of length T , reducing the input sequences to a 5D
tensor with a filter size of f .

Lastly, a final single 3D convolution with 1 filter, a 13

convolutional kernel, and an identity activation function was
used to produce the output derived image as a 5D tensor.

B. Model Training

The training of the model employed a regression training
scheme where the mean squared error loss (MSE) between the
NCCT and derived NCCT was minimized using the RMSProp
optimizer. The RMSProp optimizer was chosen because initial
experiments yielded more stable training performances than
the SGD optimizer. The optimizer settings were learning rate
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of 0.001, rho value of 0.9, and epsilon of 1e-6. Each model was
trained for 1500 iterations, where each iteration consisted of
100 randomly sampled CTP sub-volumes (323×19 timepoints)
from within the cranial cavity across all training set cases.
The choice for the sub-volume size was based on the large
memory requirements of the model on the GPU during train-
ing. Methods for reducing the memory footprint, like reducing
batch size, gave a worse performance. A cranial cavity mask
was created to segment all intracranial soft tissue using the
method of Patel et al. [49]. The resulting cranial cavity mask
was refined by discarding all voxels with an intensity below
air density (−1000 Hounsfield units) followed by a binary
erosion with a 3D ball structuring element with a radius of
three voxels. The batch size during training was 2. Training
and evaluation was performed on a single NVIDIA Titan X
GPU with 12 GB of RAM using Theano [50] as backend.

The initial hidden state of each C-LSTM layer was set to
zero. The weights Wxi , Wx f , Wxo, and Wxc were all initialized
using uniform Xavier initialization [51]. The recurrent kernels
Whi , Wh f , Who, and Whc were all initialized using random
orthogonal matrices. All bias terms were set to zero except for
the forget bias, which was set to one as recommended by [52].
All normal convolutional layers were initialized using uniform
Xavier initialization.

C. Implementation Details

The stacked 3D C-LSTM models were implemented in
Keras [53]. The C-LSTM operations at each timepoint were
optimized by exploiting that it , ft , ot , and gt from equation 1
require similar computations. Hence, the convolution oper-
ations ∗h and ∗x can be computed efficiently by concate-
nating the weight matrices for Wx and Wh , i.e., xt ∗x

(Wxi , Wx f , Wxo, Wxc) and ht−1∗h (Whi , Wh f , Who, Whc). This
way, the components for it , ft , ot , gt could be computed by
two convolutions instead of eight.

III. DATA

This retrospective study included 196 patients (age
65 ± 13 years, 59% male) with suspicion of stroke admitted
to our hospital in 2015 − 2017 and who have received both
a NCCT and a CTP scan. 63 cases were diagnosed with at
least one major pathology (e.g., hemorrhage, large infarct, and
ischemic symptom) and 30 cases showed at least one major
artifact (e.g., clips, streaking artifacts, and metal artifacts).
Two small datasets were taken from the total patient data
for tuning the hyperparameters: 17 cases for training D

train
A

and 16 cases for testing D
test
A , with 8 and 0 pathology cases

respectively. The remaining data was added to a larger disjoint
dataset of 163 cases consisting of a training set D

train
B of 80

(28 pathology and 14 artifact) cases and a test set D
test
B of 83

(27 pathology and 16 artifact) cases.
CTPs were acquired on a 320-row CT scanner (Toshiba

Aquilion ONE, Japan) consisting of 19 volumetric scans with
different exposures per timepoint. Patients received 80 mL
of contrast agent (Iomeron) injected in the cephalic vein at
the start of the first acquisition. Image reconstruction was
done using a FC41 smooth convolution kernel, resulting in

512 × 512 × 320 voxels with a voxel size of 0.47 × 0.47 ×
0.5 mm. NCCTs were acquired on the same scanner recon-
structed with a FC26 kernel yielding 512 × 512 × 302 voxels
with a voxel size of 0.43 × 0.43 × 0.5 mm.

A. Preprocessing

All CTP timepoints t > 0 were rigidly registered to
the first CTP timepoint (t = 0) to correct for potential head
movement during acquisition. The registration was performed
using the method and parameter settings as described by [54].
The NCCT was rigidly registered to the same space of the first
timepoint of the CTP with Elastix [55] using similar settings.
This registration step also resulted in the same resolution for
the NCCT with respect to the CTP. Finally, before neural
network training and prediction, each voxel HU value x was
linearly scaled by f (x) = (x + 50)/250. This operation was
reversed after training and prediction to map it back to HU.

IV. EVALUATION

A. Quantitative Evaluation

All methods were compared using the following regression
error measures: mean squared error (MSE), r2 score, and struc-
tural similarity index (SSIM) [56]. However, the diagnostic
relevant information of a NCCT is only found within the
cranial cavity. Hence, only the voxels within the cranial cavity
mask (described in section III-A) were used for computing
these quantitative metrics.

To test for statistically significant differences between meth-
ods, the MSE, r2 scores, and SSIM were first computed for
all test set cases. Next, for each metric and method, the nor-
mality of the scores was estimated using the Shapiro-Wilk
test for normality. If two competing methods were normally
distributed, a subsequent paired t−test was used to assess a
significant difference between them, otherwise, a Wilcoxon
signed-rank test was used instead. The significance level was
set to .05.

B. Baseline Derivation Models
A lower bound baseline was established using three naive

derivation methods from the CTP: taking the first timepoint
(t = 0), taking the mean of the first three timepoints (t = 0-3),
and taking the average over all timepoints (t = all). Taking the
first timepoint is an obvious approach for deriving a NCCT,
since it is the CTP timepoint with the highest exposure and
hence has the best signal to noise ratio. Also, the contrast agent
is less expressed earlier in the time sequence, which is closer
to the signal intensity of the target NCCT. Thus, averaging the
first few timepoints reduces derivation noise within individual
timepoints while avoiding the contrast signal from the later
scans. Furthermore, t = all was used as a reference for having
the optimal noise reduction over timepoints, but this derivation
includes a signal from the contrast material present at later
timepoints. Figure 3 shows the average MSE performance by
using the first n timepoints of the CTP as a derived NCCT,
which exposes t = 0-3 as the optimal baseline.

An analysis of the cranial cavity intensity histograms over
all patients within the domain of [−100, 300] HU on the
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Fig. 3. Shows mean squared error (MSE) performance for the first
t = 0-n timepoint averages of a CT perfusion as a derivation for the
non-contrast CT (NCCT) target. This plot indicates that combining the
first four timepoints (t = 0-3) approximates the NCCT derivation the best
among the other timepoint averages.

Fig. 4. Intensity histograms of Hounsfield units (HU) within the
[−100,300] domain averaged over the entire dataset of 39 patients. The
dataset was examined for different timepoint partitions of CT perfusion
(CTP) (t = 0, t = 0-3, and t = all) and the non-contrast CT (NCCT) for
vessel and non-vessel tissues within the cranial cavity. The table shows
the average HU for the CTP partitions and NCCT images.

CTP and NCCT shows a basic intensity bias between the two
imaging types. The intensity histograms can be found in Fig. 4
and are divided into vessel and non-vessel tissue type counts.
All voxels with values > 110 from the temporal variance of
the CTP were assigned to the vessel class.

This bias must be accounted for when computing the
quantitative evaluation metrics to avoid underestimating the
derived image quality of these models. The bias was estimated
as the difference in average non-vessel tissue intensity of the
NCCT and CTP classes: −13.9, −14.1, and −17.9 HU for
t = 0, t = 0-3, and t = all, respectively. The learned models in
this work did not suffer from this bias because these methods
learned to estimate this bias from the data.

V. EXPERIMENTS

Four different types of experiments were performed in
this study. The first set of experiments assessed the best
hyperparameter configuration of the network using ablation
experiments. The second set of experiments compared the
best parameterization of the stacked C-LSTM architecture with
several naive baselines and competitive CNN methods from
the literature. In the third set of experiments, the best model
was used to investigate the trade-off between the number
of timepoints used for the derivation and the derived image
quality. In the final set of experiments, the model was further
optimized and evaluated on a larger dataset with pathology
cases to test for scalability of the model.

TABLE I
ABLATION EXPERIMENTS WITH THE C-LSTM HYPER PARAMETERS.

THE FIRST 1-6 EXPERIMENTS VARIED THE CONVOLUTION SIZE

PARAMETERS ∗x AND ∗h; EXPERIMENTS 7-9 VARIED THE

NUMBER OF C-LSTM STACKS K. THE LISTED SCORES

ARE THE BEST AVERAGE PERFORMANCES ON THE

TEST SET AFTER 1500 ITERATIONS OF TRAINING

ON MEAN SQUARED ERROR (MSE), r2 , AND

STRUCTURAL SIMILARITY INDEX (SSIM).
PARAMETER f = 64 WAS FIXED FOR

ALL EXPERIMENTS

A. Ablation Experiments

A series of nine ablation experiments were performed using
the parameterized stacked C-LSTM architecture to investigate
the contribution of the individual hyperparameters: input con-
volution kernel size ∗x , hidden convolution kernel size ∗h , and
the number of C-LSTM stacks K . In the first six experiments,
the optimal choice for kernel sizes ∗x and ∗h were determined
by fixing the filter size f to 64 and the number of C-LSTM
stacks K to one and varying the kernel sizes ∗x and ∗h .
In the final three experiments, the optimal number of C-LSTM
stacks was determined by fixing ∗x and ∗h to the previous
optimal setting for K = 1 while varying the number of stacks
K ∈ {2, 3, 4}. All experiments used bidirectional C-LSTM
stacks.

Each parameterization of the stacked C-LSTM architecture
was trained from scratch for 1500 iterations using dataset
D

train
A from section III. The metrics were computed by aver-

aging each metric (MSE, r2, and SSIM) within the brain
mask over all test set cases D

test
A . Since computing the test-set

scores were very time consuming, the network was evaluated
on the test-set of 16 cases only once every 250 iterations;
the best performing iteration on the MSE was selected as
the final model score. The ablation experiments with their
parameterizations and final scores can be found in Table I.

The first six experiments were used to determine the best
hyperparameters for the subsequent experiments. From these
first experiments, the network with the highest average metrics
on r2 and SSIM and the lowest average metrics on MSE
was selected if it was significantly better than the others.
To determine the final best hyperparameter settings, the same
procedure was used but for all nine experiments.

B. Baseline Comparison

To position the performance of the best-trained parameter-
ization of the stacked C-LSTM architecture (obtained in the
ablation experiments from section V-A) was compared with
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two state-of-the-art estimation methods (a 3D U-Net [57] and
the method of Nie et al. [39]) and the naive baselines t = 0,
t = 0-3, and t = all (section IV-B). All methods were applied to
the same test set of dataset DA (see section III) and evaluated
on MSE, r2, and SSIM. The 3D U-Net and the method of
Nie et al. were trained on dataset D

train
A for 1500 iterations

each, closely matching the training for the C-LSTM. Similarly,
the best performing models for the methods were estimated by
picking the best scoring model at every 250th iteration on the
test set D

test
A .

The method of Nie et al. [39] is a four-layer deep 3D
convolutional network with four 3D-convolutions with kernel
sizes of 73, 53, 33, and 33 and filter sizes of 32, 64, 32, and 1,
respectively. The network was trained using the RMSProp
optimizer while optimizing the MSE. The data was presented
to the network in batches of two samples, with each sample
having the 19 CTP timepoints encoded as channels with 1283

voxels. The model was trained for 1500 iterations processing
50 batches per iteration.

The 3D U-Net [57] is well-known model in medical
imaging. The model has two pathways: a downward analy-
sis path – which analyses the data at various resolutions
by applying several two convolution layers followed by a
single max pooling operations – and an upward synthesis
path – which reintegrates the lower resolution information
from the downward path to the original high-resolution output
using deconvolution and pairs of convolution operations. The
3D U-Net is typically applied to image segmentation, but
by removing the final softmax operation it can serve as a
multiscale regression model as well.

For this work, we took a 3D U-Net with 3 max-pooling
and 3 corresponding upscale operations. For upscaling nearest
neighbor, upsampling was used instead of deconvolution.
A initialization scheme by He et al. [58] was used to initialize
the weights. The model was trained to minimize the MSE
using the RMSProp optimizer for 1500 iterations. During one
iteration, 100 batches were processed consisting of a single
cropped CTP sequence of 19 data volumes of 116×132×132
voxels each.

C. Timepoint Ablation Experiments

One of the strengths of recurrent networks is that they can
deal with sequences of varying lengths. This applies to CT,
since decreasing the number of timepoints would decrease
radiation exposure to the patient while providing valuable
information for optimizing the CTP acquisition protocol. In the
following set of experiments, we utilized the best C-LSTM
model found in the ablation experiments (section V-A) to
estimate the trade-off of the derived image quality by ablating
timepoints.

We evaluated our pretrained model by applying it on inputs
from the 16 test set cases from dataset D

test
A with varying

sequence lengths t = 0 − n, always starting with the first
timepoint t = 0 up to t = n where n ∈ {0, 1, . . . , 18}; note
that t = 0-18 is equivalent to including all timepoints (t = all).
Next, the derived images were scored on MSE and EV. Since
the model was not optimized for handling varying timepoints

during initial training, additional training on the training set of
D

train
A for each of the corresponding input sequence lengths

was performed for 0, 100, 200, and 300 additional training
iterations.

D. Assessing Scalability

The scalability of the method to larger datasets and cases
with major pathology and artifacts was assessed on a com-
pletely separate dataset D

train
B of 80 training cases and 83 test

cases D
test
B . The best C-LSTM model, 3D U-Net, and the

method of Nie et al. were each trained for an additional
1500 iterations on the bigger training set, and evaluated on
a separate validation set of 16 cases at every 250th iteration.
For each of the three model types, the model scoring the
best results based on the average MSE, r2, and SSIM on the
validation set D

test
A from all evaluated iterations was evaluated

a final time on the full test set. The baseline method results
were also evaluated on the full test set D

test
B for comparison.

VI. RESULTS

A. Ablation Experiments

Table I shows the results on the test set D
test
A (16 cases) of

the nine ablation experiments with the parameterized stacked
C-LSTM models after completing training. Within the six
different kernel size parameterizations (exp. 1-6), experiments
3 and 5 significantly outperformed all the other methods on all
the evaluated metrics ( p < 0.05). There were no significant
differences between experiments 3 and 5 (p > 0.05), therefore
the simplest- and cheapest-to-compute kernel parameterization
from experiment 3 with ∗x = 33 and ∗h = 33 was used
for the final three experiments (7-9). The trained stacked
C-LSTM model from experiment 7 with K = 2 significantly
outperformed all other experiments with p < 0.05 on all
performance metrics.

Wall clock training times for the ablation experiments were
approximately 6-7 days for experiments 1-5, 13 days for
experiments 6 and 7, and 18 and 23 days for experiments
8 and 9, respectively. Evaluation wall clock times for the
first 5 experiments varied from 7-16 mins/case, and the last 4
experiments took 36, 36, 56, and 65 mins/case, respectively.

B. Baseline Comparison

Table II and Figure 5 show quantitative performance results
between the best performing C-LSTM model, 3D U-Net,
method of Nie et al., and the baselines: t = 0, t = 0-3, and
t = all. The performances of all methods differed significantly
from each other ( p < 0.05), except for the method of Nie et al.
and the t = 0 baseline on MSE and r2, and 3D U-Net and the
t = 0 baseline for the SSIM ( p > 0.05). Also, the method of
Nie et al. and the t = 0-3 baseline performances did not differ
significantly on r2 (p > 0.05).

C. Timepoint Ablation Experiments

Figure 8 shows plots on the trade-off between removing
timepoints from the input CTP and the derived image quality
for the C-LSTM on MSE and SSIM. The upper-bounds for
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Fig. 5. Final results on the test set D
test
A for all methods: our C-LSTM model, the best-trained 3D U-Net, the best-trained model of Nie et al., and

the 3 baseline methods (t = 0, t = 0-3, t = all). Metrics from left to right: mean squared error (MSE), r2, and structured similarity index (SSIM).

TABLE II
BASELINE COMPARISON OF THE BEST PARAMETERIZATION OF THE

C-LSTM AGAINST A TRAINED 3D U-NET, A TRAINED MODEL

BASED ON NIE et al., AND THE BASELINE DERIVATION

MODELS ( T = 0, T = 0 − 3. T = ALL). THE LISTED

SCORES WERE THE BEST AVERAGE PERFORMANCES

ON THE TEST SET AFTER 1500 ITERATIONS OF

TRAINING BY MEAN SQUARED ERROR (MSE),
R2 , AND STRUCTURED SIMILARITY INDEX

(SSIM). THE BEST C-LSTM MODEL FROM

EXPERIMENT 7 (TABLE I) WAS USED

both MSE and SSIM suggest a slight reduction in derived
image quality after ablation of five timepoints at t = 0-12.
The line at 0 additional train iterations suggests that additional
fine-tuning is necessary as the number of ablated timepoints
increases, with an exponential decay in performance with the
number of ablated timepoints.

Wall clock training times for the timepoint ablation experi-
ments scaled linearly with the number of included timepoints
T with the following function yielding the time in hours per
300 training iterations: ftrain(T ) = 1.49+3.11T . This yielded
4.59 hours for T = 1 up until 57.43 hours of training time for
T = 18, for the 300 training iterations. Similarly, evaluation
wall clock time scaled linearly in the number of processed
timepoints T with the following formula given in minutes per
case: fpredict(T ) = 4.64 + 1.14T , from 5.78 mins/case for
T = 1 to 25.22 mins/case for T = 18.

D. Assessing Scalability
The performance of the C-LSTM model, 3D U-Net, and

method of Nie et al. trained on the larger dataset D
train
B , and

of the naive baselines t = 0, t = 0-3, and t = all evaluated on
the separate larger test set D

test
B on the regression metrics can

be found in Table III. One of 83 test NCCT cases suffered
from major streak artifacts and was a few millimeters off

TABLE III
COMPARISON OF THE BEST C-LSTM PARAMETERIZATION AGAINST

THE BASELINE DERIVATION MODELS (T = 0, T = 0-3, T = ALL)
AND THE TWO OTHER STATE-OF-THE-ART DEEP LEARNING

DERIVATION METHODS (3D U-NUET AND NIE). THE LISTED

SCORES ARE THE BEST AVERAGE PERFORMANCE ON THE

TEST SET AFTER 1500 ITERATIONS OF TRAINING ON

MEAN SQUARED ERROR (MSE), R2 , AND STRUCTURAL

SIMILARITY INDEX (SSIM). ONE OF 83 TEST CASES

WAS EXCLUDED BECAUSE IT WAS

A SEVERE OUTLIER

registration; this heavily skewed the results for all methods
and metrics in the analysis, hence it was treated as an outlier
and excluded. Figure 9 lists the same metrics as data points
for each case, partitioned per normal-appearing cases and cases
with pathology. The best performing C-LSTM model based on
all metrics on the validation set was found to be the model
at the last iteration 1500. Significant differences were found
between the C-LSTM model and the baseline performances
for all metrics within normal cases, pathology cases, and all
cases combined ( p < 0.05).

Qualitative visualizations of several slices of the derived
NCCT images on test set D

test
B , their respective reference

NCCT, and the related approximation error can be found in
Figure 6. Qualitative visualizations of pathology slices for the
derived NCCT images for the best model and the reference
NCCT images can be found in Figure 7.

Wall clock training times for training the C-LSTM was
15 days; evaluation was performed with 36 mins/case on
average.
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Fig. 6. Qualitative results on three different cases from the test set D
test
B showing slices of the intracranial tissue. From top to bottom for every two

rows: an axial, coronal, and sagittal slice. From left to right the following derivation models: t = 0, t = 0-3, t = all, best 3D U-Net, best C-LSTM model
from experiment 1, and the target reference non-contrast CT (NCCT). Every second row depicts the difference image between reference NCCT and
the derived image from the row above it. The scales at the right are in Hounsfield units (HU).

VII. DISCUSSION

We have presented a stacked bidirectional C-LSTM archi-
tecture for deriving 3D images from 4D spatiotemporal data.
The model was able to derive NCCT images from 4D spa-
tiotemporal CTP data with better performance on MSE, r2,
and SSIM than three baseline methods and two other state-of-
the-art deep learning methods (see Table II).

Figure 6 shows the ability of the C-LSTM model to encode
both the spatial and the temporal information. The vessels
were completely suppressed in the final model predictions,
but the traces of calcification (small high-density spots on the
NCCT and the derived NCCT seen in the top row image)
were not. Comparing the temporal average of the CTP with the
derived NCCT shows that the model was able to overcome the
general intensity bias between the CTP and the NCCT target.
The model also created better contrast of the cerebrospinal
fluid at the giri and sulci with the brain tissue. Furthermore,

the derived NCCT contained much less noise and produced a
smoother result, which might be relevant for finding diagnostic
markers.

Figure 7 shows general good performance on the
most important pathologies. Both hemorrhages and major
parenchyma defects can be clearly delineated. However,
the results also show points for improvement. In some cases,
the hemorrhages on the derived NCCT do not have as good
a contrast with the surrounding healthy brain tissue as on
the reference NCCT, which could potentially hinder detection.
Also, in some cases, the parenchyma defects near the border
are less hypodense than on the reference NCCT and could be
falsely identified as normal tissue. These effects are expected
to be caused by having trained on predominantly normal cases.
Also, within the pathology cases, the majority of intracranial
tissue can be considered normal as well. Therefore, it is
expected that focused training on pathology samples with
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Fig. 7. Qualitative assessment of six different patients with pathology from test set D
test
B . For each patient, two images from the same axial slice are

shown with on the left the best derived NCCT from the C-LSTM model and on the right the reference NCCT. The left and center pairs are examples
of adequate derivations for the present pathology (hemorrhage, enlarged liquor, and parenchyma defects). In contrast, the derived quality of the
right pairs can be improved. That is: the hemorrhage in the top right image should ideally be brighter to have higher contrast and for the bottom right
image the delineation of the parenchyma defect at the border of the skull should have been more hypodense.

Fig. 8. Assessment of the number of input timepoints on the C-LSTM model performance for target NCCT derivation. On the leftmost graph: the
number of used timepoints t = 0-n versus mean squared error (MSE). On the right graph: the number of used timepoints t = 0-n versus structural
similarity index (SSIM). Different lines indicate model performance after 0,100, 200, and 300 training iterations starting with the best C-LSTM model
trained on 19 timepoints. The red dotted line gives the best performance across all iterations.

techniques like hard negative mining and that by increasing
the number of pathology cases for training will help to
further improve the methods robustness and solve the currently
observed issues.

Figure 5 shows the expected results between the baseline
methods: t = 0-3 performed best followed by t = 0; t = all
performed the worst. The earlier timepoints (t = 0, t = 0-3)
showed less expression of the contrast agent – injection took
place at approximately the first timepoint t = 0 and required
some time to circulate – and generally have a better signal to
noise ratio, but a single timepoint (t = 0) contains more noise
than averaging over multiple timepoints (t = 0-3) at the start
of the CTP sequence.

The U-Net and C-LSTM models outperformed all the base-
line methods, and the C-LSTM model outperformed all other
trained models and baseline methods on all used evaluation

metrics. Training and validating the C-LSTM on a bigger
dataset showed similar performance, both for pathology and
non-pathology cases Table III. These results suggest a promis-
ing performance bound. However, pathology cases have only
been validated as a whole and not on pathology-specific image
quality.

The CNN baseline methods (the U-Net and the method of
Nie et al.) use larger subvolumes for training than the C-
LSTM method. However, it is not expected that a reduction in
input subvolume size for training the CNN baseline methods
will yield significantly different results. The choice for the
bigger sub-volumes was based on the respective input sizes
used for model training in their papers. The input sizes have
been optimized for their respective methods. Using the same
input size for all methods is expected to negatively influence
the performance of the CNN baseline methods.
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Fig. 9. Score per case on the test set D
test
B (82 cases) for the following methods: our C-LSTM model (red), and two of the three baseline methods

t = 0 (green) and t = 0-3 (blue). Metrics from left to right: mean squared error (MSE), r2, and structural similarity index (SSIM). Each graph has been
partitioned into normal cases (left) and pathology cases (right).

The parameter ablation results in Table I show that the best
performing parameterizations (experiment 7) of the stacked
C-LSTM model was a two-stack C-LSTM (K = 2) with an
input kernel size of ∗x = 33 and recurrent kernel size of
∗h = 33. The best parameterization improved the performance
of experiment 3, which had the same settings except that
experiment 3 only used a single C-LSTM layer K = 1.
Conversely, experiments 8 and 9 suggest that stacking more
than two layers (K > 2) does not further improve the
performance. We think that this effect is due to the exponential
increase in optimization cost. Hence, it is likely that additional
training might yield equivalent or better results. However,
this was not feasible within this work. A hidden kernel size
of ∗h = 33 appeared to work better than one of 13. This
was unexpected because the registered CTP data did not
show much motion between timepoints, which would better
justify the smaller recurrent kernel size. However, upon closer
examination, the bigger kernel size might compensate for
minor intra-registration errors of the CTP timepoints with t> 0
to the first timepoint t = 0. In general, larger kernel sizes
are thought to work better since they allow for smoothing
of the CTP image. Smoothing of the CTP will reduce the
noise in the CTP. This is also the best what can be done
to approximate the target NCCT from the CTP, because the
noise from the target NCCT is different from the CTP noise
and cannot be estimated. Similarly, as with the K > 2
case, increasing the capacity beyond 33 to 55 yielded worse
performance within the allotted number of training iterations
due to the increased costs of optimization. In general, more
stacks and bigger kernel sizes might be best. However, keeping
a good balance between feasibility of training optimization and
regression performance, we found K = 2, an input kernel size
of ∗x = 33, and a recurrent kernel size of ∗h = 33 to work
best.

The C-LSTM is better suited for spatiotemporal data than
CNN and LSTM methods separately. While it is possible to
parse sequential data using CNNs [59], it is not a natural fit
and requires some workarounds. Also, parsing spatiotemporal
data with only LSTM using flattened spatial data (∗x = 13

and ∗h = x13) would make it more difficult to encode
translation-invariant spatial features (e.g., edges); this should
result in poorer performance as was observed in experiment
1 from the hyperparameter ablation experiments in Table I.

An interesting potential application of the C-LSTM model
involves the optimization of the CTP acquisition protocol.
As shown in Figure 8, the C-LSTM model results show that the
final few timepoints t > 12 do not add much to the quantitative
quality of the derived images and could be discarded to reduce
patients’ exposure to ionizing radiation. However, this work
is limited to predicting the NCCT from CTP and the results
might not translate to other prediction tasks from CTP like
blood flow calculations. Nevertheless, the same method could
be used for those applications as well under the condition that
the model is first retrained for those tasks. Another limitation
is the relatively small dataset it was trained and tested on.
Note that, when starting with a pre-trained network, more
optimization is required as the number of timepoints used
deviate from the original training set.

The stroke workup for patients admitted to the hospital with
suspicion of stroke could potentially be simplified wherein
the majority of cases, a NCCT, a CTA, and often a CTP
are taken. Our method and the method of Smit et al. [16]
could be used to respectively derive a NCCT and a CTA
from a CTP. By removing the need for a NCCT and a CTA,
this could potentially reduce radiation dose, workup time, and
contrast usage. Yet, it is important to carefully investigate all
of these factors and other factors like workup costs to assess
the relevance for clinical routine adoption. However, this is
beyond the scope of this work.

Regarding the minority situation where patients with sus-
picion of stroke will have a hemorrhage (10% of all stroke
patients) and patients are not eligible for alteplase admission,
the workup would involve additional dose, workup time, and
contrast usage over a conventional single NCCT, which is
indeed a disadvantage compared to the conventional situation.
However, if a CTP can now be used to derive a NCCT,
we can still omit administration of alteplase based on any
hemorrhages identified on the derived NCCT. Furthermore,
given this situation, it may be an added benefit for patients
with both hemorrhagic and ischemic strokes, since the taken
CTP images can be used to identify potential occlusions and
estimate hemodynamics without additional costs for which a
single NCCT is inadequate.

The proposed C-LSTM models and training scheme are
not limited to deriving NCCT from CTP data and could be
utilized for other applications involving spatiotemporal data.
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This work employed a regression scheme for training, but
it is straightforward to make it into a segmentation scheme
by adding a softmax to the model and changing the loss.
In a preliminary study, we showed the feasibility of the
C-LSTM model for whole volume training and prediction
while maintaining context and expressiveness using gradient
checkpointing [60]. The qualitative results from Figure 6 show
that the C-LSTM model was able to suppress the vessels
within the CTP, but it might also be used to filter other
information as well. Another potential future direction is the
use of the model for computing perfusion images.

A drawback of the proposed method is the computation time
and memory requirements for training and prediction. It can
take one or two weeks to train the best parameterization of
the C-LSTM model from scratch; the evaluation can take up
to forty minutes, which is not practical in a clinical setting.
However, the model could be easily parallelized to divide
the computational overhead during prediction. Furthermore,
there is also speedup to be gained by implementing the
model in more modern deep learning frameworks, e.g., using
half-precision for the GPU computations. Training could be
performed on larger inputs by using gradient checkpointing
techniques [61] on each step function during the LSTM
sequence. In conclusion, the computation time and mem-
ory requirements imposed great resource constraints, which
limited the number of experiments. However, with modern
solutions and better GPUs on the horizon, these issues will
become less of a concern.

To further the acceptance of the method as a replacement
for a normal NCCT scan, the evaluation of the derived images
could be extended with a qualitative assessment of diagnostic
relevant information (e.g., hemorrhages, dense vessel sign, and
infarcts). This information could be graded for both the NCCT
and the derived NCCT by experienced radiologists to assess
whether all diagnostically relevant information is still present
in the derived NCCT. However, this would require a larger
dataset with more manually labeled pathology cases which is
beyond the scope of this work.

To conclude, we have presented the first deep learning appli-
cation of C-LSTM for deriving 3D NCCT from 4D spatiotem-
poral CTP, which could potentially improve the efficiency of
stroke workup. The proposed C-LSTM models and training
scheme pose promising tools for handling spatiotemporal data
in medical imaging and can be used for other problems as
well.
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