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Abstract

Computed Tomography Perfusion (CTP) has been
widely deployed to assess the blood flow in the clini-
cal diagnosis of central nervous system. Despite be-
ing the gold standard in predicting CTP parameters,
the current calculation approach based on mathemati-
cal modeling is prone to be defeated by irregular images
due to artifacts (such as unpredictable imaging noise
or motion blur), missing frames, or non-uniform fram-
ing intervals. To overcome that, we investigate how to
predict CBV, CBF, TMAX, and MTT, the four per-
fusion parameters of the most clinical significance si-
multaneously using deep learning. We propose STM-
DLP, a simple yet effective Spatial-Temporal Multitask
Deep Learning Pipeline trained on the calculation re-
sults of reqular images. STM-DLP extracts image fea-
tures and timestamp information with spatial and tem-
poral encoders, and subsequently correlates these fea-
tures to predict the perfusion parameters in parallel.
As the existing datasets do mot contain framing time
information, we curate a large fully timestamped real-
world CTP dataset labeled fully by the calculation re-
sults and screened by neurologists and medical doctors.
Through extensive experiments, we first confirm the de-
sign of STM-DLP by validating it with reqular images,
and then show that STM-DLP overcomes those irregu-
lar images frustrating calculation approach by predict-
ing parameters with sound values, accommodating non-
uniform framing intervals, and achieving robustness
against image artifacts and reduced frames (supporting
40% frame reduction,).
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Figure 1. Illustration of the CTP perfusion parameter pre-
diction task given a ”slice,” where the input comprises a
(temporal) sequence of CTP images (left), and the objec-
tive is to calculate, or predict, the corresponding perfusion
parameter maps for CBV, CBF, MTT and TMAX (right).

1. Introduction

Computed Tomography Perfusion (CTP) is a widely
deployed imaging technique to evaluate cerebral blood
flow when assessing central nervous system (CNS) con-
ditions in the event of stroke, tumors, infections, etc.
It plays a critical role in guiding decisions on medical
treatment [14, 17, 19]. In CTP, the passage of an in-
travenously administered contrast bolus in the brain
is imaged spatially and temporally by scanning differ-
ent cross sections of the brain for a certain duration.
This process results in a 4-dimensional (i.e., spatial-
temporal) CTP dataset consisting of a stack of "slices,”
where a slice is a sequence of images (or frames) cap-
tured temporally at a certain location of the brain.
Many perfusion parameters can be derived given
a CTP dataset [16, 20, 23]. In this paper, we fo-
cus on four parameters of the most clinical inter-
est and significance, namely Cerebral Blood Volume
(CBV, in ml/100g/min), Cerebral Blood Flow (CBF,
in ml/100g), Time to Maximum (TMAX, in seconds),
and Mean Transit Time (MTT, in seconds). These
parameters offer crucial physiological insights into the



well-being of cerebral tissue. Each of these parameters
is obtained by post-processing the stack of slices in the
CTP dataset, resulting in values on a 2-dimensional
plane for each slice. The stack of each parameter forms
the so-called 3-dimensional perfusion parameter maps.
Figure 1 illustrates an input CTP sequence, or "slice,”
on the left and the output of the four perfusion param-
eters of our interest on the right.

Currently the perfusion parameters are derived by
calculation approach which relies on a 2-compartment
kinetic models (AIF/VOF deconvolution [8, 10, 15,
18]). It has been proven to be highly accurate in com-
puting the four perfusion parameters, and has been
widely adopted clinically as the gold standard. How-
ever, such accuracy hinges upon the images being cap-
tured clearly and at regular short interval. The cal-
culation approach is prone to be defeated by image
irregularity, i.e., image artifacts arisen by, for exam-
ple, random noise, patient motion blur, misalignment
and missing frames, resulting in dubious or even ab-
surd parameter values. A recent study on a common
commercial calculation-based software shows a rather
significant failure rate of 11% [6, 12]. For some of
these failure cases, experts must make laborious and
time-consuming adjustments to re-calculate the perfu-
sion parameters. For many others, the patient has to
undergo a repeated CTP scan, hence doubling the ra-
diation risk.

For the irregular images that frustrate the calcu-
lation approach, we propose to use deep learning to
predict their CTP parameters as a graceful alternative
to guide medical decision under failure. Though deep
learning has been studied for CT image analysis [1—
5, 7,9, 21, 22], they primarily focus on segmentation
or classification of specific objects or diseases. Some
works [11, 13] are related to CTP parameter predic-
tion, however, [11] assumes that the CTP parame-
ters are independent by using four separate single-task
Convolutional Neural Network (CNN) networks. and
requires framing at fized intervals.  [13] presents a
complex GAN framework to predict CTP parameters.
However, it is difficult to train and does not utilize the
timestamp information in CT scans, thus vulnerable to
non-uniform framing. In reality, the four CTP parame-
ters are correlated; such correlation should be captured
in order to achieve higher accuracy. Furthermore, a full
CTP scan of a patient may have irregular sampling in-
terval, skipped or unusable frames. How to effectively
capture the spatial and temporal CTP features under
non-uniform framing remains an open and challenging
problem.

We study a multitask deep learning approach to pre-
dict CTP parameters under the general practical sce-
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nario of possibly heterogeneous framing interval. We
first formulate the problem, which is to design a mul-
titask network simultaneously predicting CBV, CBF
and TMAX (note that MTT can be directly derived
from CBV and CBF). We then propose STM-DLP, a
simple yet effective Spatial-Temporal Multitask Deep
Learning Pipeline for the problem. We train STM-
DLP Using the gold standard of calculation approach
as ground truth, and apply it to the irregular images
of the failure cases.

As the currently available CTP datasets do not have
information of framing time (i.e., assuming uniform
sampling), we curate a new dataset by collecting CTP
data from real patients. We generate the CTP param-
eters with the calculation-based RAPID software, and
use the highly accurate ones screened and confirmed
by medical doctors and neurologists as labels (ground
truth).

By conducting extensive experiments on our real-
life CTP dataset, we first validate STM-DLP design
by showing its predictions to match the calculation ap-
proach for regular images (i.e., without artifacts) with
low MAE values. For the irregular images of all the fail-
ure cases, STM-DLP shows strong robustness by gen-
erating parameters sound and credible to physicians.
Furthermore, it requires substantially fewer frames (by
40%) to attain comparable predicted results as the cal-
culation approach, demonstrating its applicability to
the failure cases with missing frames.

2. Preliminaries

2.1. Calculation Approach

The four common CT perfusion parameters that can
provide fundamental hemodynamic properties regard-
ing the health of the cerebral tissue are:

Cerebral Blood Flow (CBF): the volume of
blood passing through a given amount of brain tis-
sue per unit time (mZL/100g/min).

Cerebral Blood Volume (CBV): the volume oc-
cupied by intravascular blood per unit volume of
brain tissue (mL/100g).

Mean Transit Time (MTT): the average time
taken for blood to pass through a given amount of
brain tissue (s).

Time-to-Maximum (TMAX): the time taken for
blood to reach the maximum amplitude of the tissue
response function (s).

These four parameters have been extensively studied
and are widely utilized by physicians to assess the pa-
tient’s CNS condition and determine the appropriate
treatment.

Conventionally, the four perfusion parameters are
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Figure 2. The architecture of STM-DLP (a) consisting of IRFE (b) and MPP (c).

derived via a 2-compartmental kinetic model to for-
mulate the brain mathematically. This model encom-
passes both the intravascular and the extravascular-
extracellular spaces, using an artery for input and a
vein for output where the model modulates the arte-
rial input to produce the venous output. To calculate
the perfusion parameters, the computational technique
of deconvolution has been extensively applied in med-
ical software such as RAPID [18]. While some derive
perfusion parameters through the deconvolution of the
arterial input function (AIF) from the concentration-
time waveform of each voxel/pixel, others derive the
parameters from the venous output function (VOF).
Interested readers are referred to [10] and references
therein for an in-depth explanation of the calculation
process.

In the following, we overview the calculation process
utilizing deconvolution of the impulse response func-
tion. The concentration of contrast medium at the
voxel of interest (VOI), cyoi(t), can be represented as a
convolution expression:

Cvoi(t) = (Cart * kvoi)(t)a (1)
here kyoi(t) is the flow-scaled residue function, also re-
ferred to as the impulse response function, at the voxel
of interest, and ¢y (t) denotes the arterial input func-
tion (AIF). Therefore, kyoi(t) can be derived using a
deconvolution method from the measured data ca(t)
and ¢yei(t). Then CBF is given by

1
max(kyoi(t)),
(ki (1)

CBF =

(2)

where pyo; is the mean density of the volume under
consideration. Also, the CBV parameter can be de-
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rived from the impulse residue function as follows:
1

inf
kvoi t dt,
pvoi /() ( )

Similarly, MTT can be determined as follows:

1 inf
MTT = ——M— kyoi(t)dt.
max(kivoi(t))/o ®)

Then we can observe and represent the relationship
among Eq.( 2), Eq. (3) and Eq. (4) as MTT
CBV/CBF. Finally, we can calculate TMAX us-
ing the impulse response function by TMAX
arg max; kyo;i(t).

According to the calculation equations, all param-
eters are derived from the impulse response function,
underscoring the criticality of its accuracy. Nonethe-
less, this precision is heavily contingent upon the ap-
propriate selection of AIF and VOF. Since the cal-
culation model relies solely on these selections and
the VOI function, errors in any element can degrade
the overall results. In automated algorithms, irregu-
lar artifacts—such as sporadic noise, patient motion,
and frame misalignment—often lead to suboptimal
ATF/VOF selections, yielding non-diagnostic perfusion
parameters. Consequently, a study reported a substan-
tial failure rate of 11% in commonly utilized commer-
cial software. For these failure cases, experts must ei-
ther perform time-consuming manual corrections, or
patients must undergo a repeat CTP scan, effectively
doubling their radiation exposure.

Additionally, to ensure accuracy, this method de-
mands a substantial number of frames, which conse-
quently leads to long radiation exposure. In practice,
this can mean at least 60 seconds of exposure with a
2-second sampling interval, often extended to 807120
seconds with a shorter interval to ensure accuracy.

CBV =

3)

(4)
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Figure 3. The architecture of the proposed spatial encoder.

Consequently, in this study, we introduce our STM-
DLP technique to address the failure factors, namely,
high noise levels, unusable frames resulting from ir-
regular patient motion, and misalignment issues. Fur-
thermore, we find that STM-DLP requires significantly
fewer frames (by 40%) to achieve comparable predicted
results as the calculation approach, highlighting its ef-
fectiveness in addressing failure cases where frames are
missing.

3. Method

3.1. Pipeline Overview

We propose a simple yet effective Spatial-Temporal
Multitask Deep Learning Pipeline (STM-DLP). As de-
picted in Fig. 2a, the input of STM-DLP comprises
a temporal sequence of CT images and timestamp in-
formation for each image, which are processed by Im-
pulse Response Feature Encoder (IRFE) and Multi-
Parameter Predictor (MPP). The output is a set of
targeted perfusion parameters, specifically CBV, CBF,
and TMAX. Given the disparate range of values for
each perfusion parameter, we employ visualization
techniques to represent the results as color-coded im-
ages, akin to those presented in Fig. 2a.

3.2. Impulse Response Feature Encoder (IRFE)

The input 3D brain slice encompasses rich spatial in-
formation among pixels within each frame and tempo-
ral information across time intervals. Therefore, we in-
troduce the Impulse Response Feature Encoder (IRFE)
as the inaugural component, serving as an extractor to
extract and integrate the spatial and temporal corre-
lations from the sequential brain frames and generate
enhanced spatial-temporal features Fy;. By explicitly
incorporating timestamp information as an input, our
model can precisely capture temporal information, ac-
commodating variable framing intervals and missing
frames.

As illustrated in Fig. 2b, the IRFE comprises two
sequential modules: the Spatial Encoder (Fig. 3)
and the Temporal Encoder (Fig. 4). The Spatial
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Encoder is applied first to discern the spatial corre-
lations among the pixels within each frame. Following
this, the Temporal Encoder learns the temporal char-
acteristics of each pixel throughout the sequence. The
Spatial Encoder extracts and merges the spatial corre-
lations, enriching each pixel’s spatial features by incor-
porating information from neighboring pixels. These
representations are then relayed to the Temporal En-
coder. The Temporal Encoder focuses on extracting
temporal information from the enriched spatial feature
sequence. Upon completion of these steps, a compre-
hensive spatial-temporal feature, F;, corresponding to
the input sequence, is generated and forwarded to the
MPP. By exploiting such sequential design, we separate
the learning of spatial and temporal information to en-
able the encoders to perform their designated tasks in-
dependently. Furthermore, to enhance the learning for
non-uniform intervals, we directly input the given time
series into the temporal encoder to explicitly guide the
fusion of the time-dependent features. The design of
putting the spatial encoder first to learn features for
each frame independently has the advantage of han-
dling different numbers of inputs with a proper tempo-
ral encoder. In experiments, the pipeline with LSTM
temporal encoder provides not only the highest perfor-
mance but also the ability to predict parameters with a
reduced number of frames. To further justify the design
of IRFE, we conduct ablation studies in Section 4.3 to
compare the performance of different pipelines with:
spatial encoder first, temporal encoder first, or joint
encoder, and show that our design achieves the best.

3.2.1. Spatial Encoder

Within the IRFE framework, the Spatial Encoder
is structured around a UNet architecture to extract
multi-scale features, as depicted in Fig. 3. The encoder
segment of the UNet incorporates 2D convolution lay-
ers with 3 x 3 kernels, followed by max-pooling layers
post each CNN block for feature map downsampling.
The decoder segment of the UNet employs transposed
convolution layers to amalgamate the features from the
lower scale and corresponding encoder layers. The final
output layer is architecturally designed to incorporate
a residual connection between the input and the feature
map derived from the last layer, thereby producing the
output spatial feature, Fi,qtiq;. Leveraging the UNet
architecture, the Spatial Encoder in IRFE can exploit
and fuse spatial information among neighboring pixels
across multiple scales.

3.2.2. Temporal Encoder

Acknowledging the critical role of temporal informa-
tion for both the impulse response function and all as-
sociated parameters, alongside the inherent difficulty
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Figure 4. The architectures of the proposed temporal encoders.

Table 1. Quantitative comparison between UniToBrain models and STM-DLP for Dgenerai-

Models MAE | RMSE | R-Squared
CBV CBF TMAX | CBV CBF TMAX | CBV CBF TMAX
UniToBrain[11] 1.497  6.529  3.920 | 2.293 8833 5.641 | 0.528 0.338 -1.864
CNN 1212 5.720 1.877 | 1.871 8.038 3289 | 0.672 0.401  0.350
STM-DLP MLP-Mixer 1207 5594 1.649 | 1.907 7.879  8.085 | 0.651 0.355  0.448
LSTM 1.151 5429 1.692 | 1.837 7.860  3.115 | 0.658 0.603  0.417

of temporal information acquisition, we implement the
Temporal Encoder of IRFE to evaluate the perfor-
mance capabilities of CNN, MLP-Mixer, and LSTM.
The process begins with the input spatial feature
Fopatial € RTXCXHXW and the time series t € RT,
wherein the time series is integrated into the chan-
nel dimension for each pixel, and the spatial dimen-
sions H, W are condensed to construct a feature vector
F e REWXTx(C+1) " This approach enables the tem-
poral encoder to decipher temporal data on a per-pixel
basis. Additionally, the time values are converted into
a separate channel that can be learned and integrated
with other features, thereby guiding the learning pro-
cess to account for non-uniform sampling intervals.

In the deployment of the Temporal Encoder using
CNN, four layers of 1D convolution are applied to each
pixel feature F' € RM*T*(C+1) a5 jllustrated in Fig. 4a.
This convolution process occurs along the temporal di-
mension, facilitating the fusion and acquisition of tem-
poral information. Consequently, this approach en-
ables the extraction of the impulse response feature
map Fy € REXWXC' wherein spatial-temporal fea-
tures are captured in C’ dimensions for each pixel, ef-
fectively mapping the temporal features across pixels.
Similarly, in the implementation utilizing MLP-Mixer
shown in Fig. 4b, the temporal information learning
process occurs along the temporal dimension. Here,
we treat the feature F' € R'*T*(C+1) associated with
each pixel as T "patches”; each comprising C' + 1 fea-
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tures, in line with the MLP-Mixer’s original design that
segments images into patches akin to the Vision Trans-
former [9], thereby facilitating feature learning. In the
final stage, global average pooling is employed to com-
pute the mean of all features across the T "patches,”
which serves as the output. In the LSTM-based imple-
mentation of the Temporal Encoder, we apply a two-
layer LSTM to learn the features along the temporal
dimension, as depicted in Fig. 4c. The recurrent neural
network (RNN) mechanism inherent to LSTM allows
the Temporal Encoder to manage varying numbers of
input CT frames, thereby enhancing the efficiency of
our STM-DLP in predicting parameters using fewer
frames.

3.3. Multi-Parameter Predictor (MPP)

To simultaneously predict all perfusion parameters, our
pipeline adopts a multitask approach that leverages the
IRFE to derive a comprehensive spatial-temporal fea-
ture Fy;, followed by the MPP for concurrent param-
eter estimation. Utilizing the shared feature F; as
the input, MPP employs three parallel modules, each
dedicated to the estimation of a distinct parameter,
as shown in Fig. 2c. To capitalize on inter-parameter
correlations, MPP facilitates feature exchange among
different tasks at the initial n layers (where n is a hy-
perparameter), enhancing prediction accuracy by inte-
grating attributes from the diverse tasks. After fea-
ture exchange and amalgamation, each predictor au-



STM-DLP |
CNN _ MLP-Mixer LSTM

A‘::f‘;

UniToBrain|

S$S00225 2
Slice 3

CBV

TMAX

UniToBrain| STM-DLP GT
$S00248 CNN __ MLP-Mixer LSTM
Slice 6
CBV
CBF
TMAX

Figure 5. Qualitative comparison between UniToBrain models and STM-DLP on Dgenerai-

tonomously estimates a single parameter to prevent
cross-task interference. Our proposed framework thus
concentrates on multitask learning of perfusion param-
eters, using the impulse response feature as a founda-
tion. This multitask configuration allows the network
to predict all CTP parameters collectively, achieving
high precision for individual parameters within a uni-
fied architecture.

4. Experiments

4.1. Experimental Setup

To evaluate the effectiveness of the STM-DLP, we com-
pile datasets from real-life scenarios encompassing var-
ious conditions. The first dataset, labeled as Dgenerai,
comprises data from 195 patients. From each patient’s
4D data (a stack of brain slices), we extract a total of
2356 independent 3D slices. Each slice contains a se-
quence of images (frames) captured at a specific brain
cross-section over time. Each patient’s perfusion pa-
rameters are generated by RAPID [18], a gold-standard
commercial software used in hospitals. By processing
the 4D CTP data, RAPID calculates the ground-truth
parameters for each slice. Doctors and neurologists
carefully review and select the data to ensure the ac-
curacy of the perfusion parameters. Since these pa-
rameters are directly used in patient treatments, their
accuracy is further validated, making them our ground
truth and reference. For model evaluation, the dataset
is divided into training and testing subsets, containing
2,282 and 74 data instances, respectively. The divi-
sion of the dataset is performed based on individual
patients, ensuring that there is no overlap between the
training and testing subsets, which helps prevent over-
fitting. Furthermore, an additional dataset, D ¢4, con-
sists of 68 slices from exclusive 7 patients, characterized
by the failure of conventional calculation methods to
determine perfusion parameters. This dataset under-
scores the challenging cases our model aims to address.

6490

The datasets encompass data from distinct patients,
featuring non-uniform sampling intervals and varying
frame counts (e.g., 46/50/55 frames for different pa-
tients), which adds to the complexity of the evaluation.
To quantitatively assess the performance of STM-DLP,
we utilize the MAE, RMSE and R-squared metrics.

4.2. Implementation Details

The training process consists of 200 epochs. We employ
the Adam optimizer with momentum parameters set to
B1 = 0.9 and B2 = 0.999, and weight decay set to O.
The Charbonnier loss is used with equal weighting for
each task during training. The initial learning rate is
set to 5 x 107%. A StepLR learning rate scheduler is
applied to reduce the learning rate by a factor of 0.995
every 10 epochs. All experiments are conducted on
NVIDIA RTX4090 GPUs.

4.3. Ablation Study

Ablation studies are conducted on the dataset to val-
idate the design of our pipeline, as illustrated in Ta-
ble 2. As described in Section 3.2, we set up 3 models
by putting the spatial encoder first, the temporal en-
coder first, or utilizing a joint encoder. We also provide
studies on different positions in which the time series
is fed. For the Temporal First and Joint Encoder
models, the input positions of the time series are lim-
ited to being placed together with the input frames at
the beginning. For the Spatial First models, we com-
pare the performances that the time series is inputted
at the temporal encoder, spatial encoder, or both. The
empirical results indicate that the Spatial First mod-
els outperform both the Temporal First and Joint
Encoder configurations. Notably, the Spatial First
model, with the time series introduced at the tempo-
ral encoder, demonstrates superior performance. This
finding corroborates the efficacy and strategic design
of our pipeline.

We also conduct an ablation study on the number



Table 2. Ablation studies on IRFE design with LSTM implementation on Dgenerai-

Models MAE | RMSE | R-Squared

CBV CBF TMAX | CBV CBF TMAX | CBV CBF TMAX
Temporal First 1.152 5434  1.888 1.836 7.772  3.461 0.680 0.385  0.309
Spatial First - Time in Temporal 1.151 5429  1.692 1.847 7.860 3.115 0.658 0.603  0.417
Spatial First - Time in Spatial 1.177 5853  1.751 1.864 8.242  3.211 0.647 0.269  0.380
Spatial First - Time in both 1.210  5.599 1.748 1.917 8.061 3.186 | 0.626 0.322  0.401
Joint Encoder 1.170 5449 2178 | 1.832 7.496  3.662 | 0.709 0.511  0.230
MPP with 1-layer Feature Exchange 1.126 5.525 1.731 1.777 7910 3.133 0.699 0.596 0.407
MPP with 2-layer Feature Exchange 1.151 5./29  1.692 1.847  7.860 3.115 0.658  0.603  0.417

MPP with 3-layer Feature Exchange 1.153 5.542 1.721 1.831 8.013  3.147 | 0.669 0.544  0.408
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Figure 6. Qualitative comparison between the commercial software and the STM-DLP on Dy (left) and reduced frames
on Dgenerar (right).

of feature exchange layers in MPP. As mentioned in of the models. Perfusion parameters are visualized
Section 3.3, we set a total of 5 layers: the first layer in color with high values represented by colors close
processes the spatial and temporal feature Fy;, the last to red, while low values are depicted with blue col-
layer generates the output, and the remaining 3 layers ors. Typically, physicians can identify abnormal re-
are used for feature exchange. We compare different gions based on the areas’ color. It is evident from the
models using 1, 2, or 3 layers for feature exchange. As figure that STM-DLP with LSTM can achieve better
shown in Fig. 2¢, MPP with 2 layers of feature exchange predictions than the other models, especially on the
achieves better performance on most metrics. regions’ color predictions and consistency. Moreover,

MLP-Mixer-based STM-DLP has better performance
4.4. Performance Comparison on the normal regions (regions in blue), which brings
We implement the STM-DLP using the most com- the best quantitative performance on TMAX. Com-
monly used deep learning modules (CNN, LSTM, and pared to independent models, the results demonstrate
MLP-Mixer) to evaluate and compare their perfor- the advantages of multitask learning, which captures
mance. For the UniToBrain model [11], we train 3 the correlations among parameters, thereby improving
independent models for each parameter separately. performance across all parameters. Due to its superior

performance and the ability to process any number of
input frames, we utilize the LSTM-based STM-DLP to
test the following cases.

General performance: We conduct experiments
on Dgeperat to validate the general performance of
STM-DLP with our different implementations on reg-

ular cases. The quantitative comparison results are Robustness to failure cases: A critical bottle-
presented in Table 1. Compared with three indepen- neck of mathematical CTP modeling is its susceptibil-
dent UniToBrain models, all implementations of our ity to imaging noise and non-uniform framing. To val-
pipeline achieve better performance significantly. The idate the robustness of STM-DLP, we conducted zero-
results demonstrate that the STM-DLP with LSTM shot evaluations on the Dy, dataset. Given the ab-
outperforms the other models across CBV and CBF sence of explicit ground truth in corrupted data, val-
on most evaluation metrics. The pipeline with MLP- idation inherently relies on clinical coherence. Fig-
Mixer exhibits solid performance on TMAX. In ad- ure 6 (left) demonstrates that while conventional cal-
dition, Figure 5 illustrates a qualitative comparison culation methods suffer from catastrophic degrada-
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tion—yielding uniform and diagnostically meaningless
regions—STM-DLP preserves robust feature extrac-
tion. By circumventing the ill-posed inverse problem
of deconvolution, our model synthesizes anatomically
consistent perfusion maps. Independent evaluations
by neuroradiologists verified that the STM-DLP pre-
dictions align with physiological expectations, success-
fully mitigating extreme artifact interference and pro-
viding a credible diagnostic reference where traditional
pipelines fail.

Reducing the number of input frames: Further
experiments are conducted to assess the STM-DLP
model’s efficacy with a reduced number of frames on
the Dgenerar dataset. This investigation aims to emu-
late the situation where later frames are lost during the
scanning process while maintaining the original fram-
ing intervals. By using only the initial set of frames,
the model can effectively handle scenarios where the
later frames are missing. Figure 6 (right) provides
a visual comparison of the model’s performance with
varying numbers of frames and Figure 7 depicts the
relationship between the reduction in the number of
input frames and the corresponding decline in model
performance through graphs. Notably, despite a de-
crease in the number of input frames, the STM-DLP
model retains its capability to generate reliable pre-
dictions, even with as few as 30 frames. By utilizing
the initial 30 out of 50 frames, the STM-DLP model
demonstrates that it can still deliver performance com-
parable to that of the full sequence, even when the later
frames are lost. This outcome demonstrates the STM-
DLP’s efficiency in reducing the requisite number of
frames for accurately predicting perfusion parameters,
highlighting its applicability to the cases with missing
frames.

5. Limitations and Future Work

While STM-DLP has demonstrated strong perfor-
mance and robustness in predicting CTP parameters,
our current study has certain limitations. Primarily,
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STM-DLP is proposed as a flexible and generalized
pipeline, meaning that a wide variety of advanced deep
learning architectures could theoretically be integrated
into the Impulse Response Feature Encoder (IRFE)
and Multi-Parameter Predictor (MPP). However, due
to space and computational resource constraints, we
restricted our current implementations to three widely
used modules (CNN, MLP-Mixer, and LSTM) to vali-
date the overall feasibility and efficacy of the pipeline.
In future work, we plan to explore and implement a
broader range of state-of-the-art architectures to fur-
ther unlock the potential of the proposed framework
and validate its performance on larger, multi-center co-
horts.

6. Conclusion

In this paper, we propose STM-DLP, a simple yet effec-
tive spatial-temporal multitask deep learning pipeline
consisting of two key modules: Impulse Response Fea-
ture Encoder (IRFE) and Multi-Parameter Predictor
(MPP). IRFE, in the form of a spatial encoder fol-
lowed by a temporal encoder, effectively learns and
fuses spatial and temporal features in CTP images and
timestamp information. The MPP module leverages
the correlations among parameters and simultaneously
predicts the perfusion parameters. We have conducted
extensive experiments on our newly collected real-life
CTP datasets. Our results show that the STM-DLP
model, as compared with the conventional calculation
approach, achieves similar performance for the general
cases with regular images (without artifacts). It is also
robust against the impact of irregular images (with
artifacts) or non-uniform framing and able to gener-
ate parameters credible to physicians for all the failure
cases of the calculation approach. Furthermore, it re-
quires much fewer frames (up to 40% fewer frames) to
achieve performance comparable to that of the calcu-
lation approach.
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