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A B S T R A C T

It is often difficult to accurately localize small arteries in images of peripheral organs, and even more so with
vascular abnormality vasculatures, including collateral arteries, in peripheral artery disease (PAD). This poses a
challenge for manually sampling arterial input function (AIF) in quantifying dynamic contrast-enhanced (DCE)
MRI data of peripheral organs. In this study, we designed a multi-step screening approach that utilizes both the
temporal and spatial information of the dynamic images, and is presumably suitable for localizing small and
unpredictable peripheral arteries. In 41 DCE MRI datasets acquired from human calf muscles, the proposed
method took< 5 s on average for sampling AIF for each case, much more efficient than the manual sampling
method; AIFs by the two methods were comparable, with Pearson's correlation coefficient of 0.983 ± 0.004 (p-
value < 0.01) and relative difference of 2.4% ± 2.6%. In conclusion, the proposed temporospatial-feature
based method enables efficient and accurate sampling of AIF from peripheral arteries, and would improve
measurement precision and inter-observer consistency for quantitative DCE MRI of peripheral tissues.

1. Introduction

Peripheral artery disease (PAD) in the lower extremity often impairs
the performance of calf muscles, thus reducing patient's walking cap-
ability [1–3]. DCE MRI has shown promise in noninvasively mapping
regional perfusion of the calf muscles [4–7], which could reflect muscle
function and also help better understand muscle dysfunction in PAD
patients. One critical step in quantifying DCE MRI data is to sample
arterial input function (AIF) from a major artery in the field of view
[8–20]. However, to sample AIF in calf images can be challenging,
because the peripheral arteries in the calf are typically small. In addi-
tion, the presence of PAD often alters the peripheral vasculature by
narrowing the original arteries and re-growing collateral arteries at new

locations [7]. With these features of peripheral arteries, the im-
plementation of conventional manual method would be more challen-
ging, and take even longer processing time than for other locations,
such as the abdominal aorta or ventricle.

Multiple methods have been proposed for automatically sampling
AIF, with the most popular one being population-averaged AIF.
Averaging multiple AIFs may eliminate most artifacts, but at the same
time neglect some real features [21,22] that pertain to individual
subjects, particularly PAD patients where artery abnormalities are
common and spatially variable. Another innovative method is to esti-
mate AIF based on reference tissues for which contrast enhancement
parameters are relatively stable [23,24], and in most previous appli-
cations, skeletal muscles were chosen as the reference tissue. This is not
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feasible for our application, because calf muscles are the tissue of in-
terest. Yet multiple other studies have explored to identify arterial
voxels based on the temporal characteristics of their contrast en-
hancement curves [8,16,25–27]. Such characteristics include early
time-to-peak (TTP) [16,25–28], high first-pass peak (Smax)
[16,25–27,29], low full width at half maximum (FWHM) [8,25–28],
and high level of a multi-variable parameter M=Smax /
(TTP×FWHM) [26,28]. While spatial or anatomic information was
also used in identifying arteries in multiple organs including brain [25],
heart [27], breast, and liver [16], none of previous studies succeeded in
combining both temporal and spatial features of DCE MRI data in
sampling AIF.

In this study, we designed an automatic AIF sampling method that
identifies arterial voxels using a multi-step screening approach based on
both the temporal and spatial information of the dynamic images. The
performance of the proposed method was assessed by comparing it
against the manual-sampling method in DCE MRI data acquired from
both healthy and PAD subjects.

2. Materials and methods

2.1. DCE MRI of human calf muscles

This study was approved by the local Institutional Review Board
(IRB), and we collected overall 41 DCE MRI datasets from 16 human
subjects (13 healthy subjects: 41.2 ± 5.2 years, weight 78.1 ± 4.3 kg,
height 1.73 ± 0.02m, 3 females; 3 PAD patients: 63.0 ± 1.2 years,
weight 69.7 ± 3.9 kg, height 1.74 ± 0.07m, 1 female, ankle-brachial
index (ABI) 0.73 ± 0.06). With CT angiography, artery stenosis was
found in distal superficial femoral artery, posterior tibial artery, and
iliac and proximal popliteal arteries for the three PAD patients, re-
spectively. Prior to the MRI scan, written informed consent was ob-
tained from each subject. Each scan was performed on a 3 T MRI
scanner (Tim Trio; Siemens Medical Solutions, Erlangen, Germany),
with the subject in a supine and feet-first position. A 4-channel flex coil
was wrapped around the subject's calf. To reduce leg motion in the
imaging, the imaged leg was fixed to the scanner table by one strap over
the thigh and the other over the coil. To stimulate calf perfusion, the
subject was instructed to perform plantar-flexion exercise with the leg
to be imaged in the scanner. The exercise was to push a loaded pedal
within a range of motion imposed by the set-up (~13 cm) at a fre-
quency of 1 Hz [30]. Different exercise protocols (weight and duration)
were used: 14 scans with a load of 4 lb for 3min, 8 scans 8 lb for 3min,

8 scans 16 lb for 3min, and 11 scans exercised till exhaustion (start with
4 lb with increment of 2 lb per minute). Five seconds before the exercise
ended, 0.05mmol/kg gadoteridol (Prohance; Bracco) was injected in-
travenously at a rate of 5ml/s, followed by injection of 20ml saline at
the same rate. Immediately after the exercise ended, dynamic imaging
started for an axial slice at the thickest level of the calf, using a 2D
saturation-recovery prepared turbo fast low angle shot (FLASH) se-
quence: delay time 300ms, repetition time (TR) 527ms, echo time (TE)
1.42ms, flip angle 15°, slice thickness 10mm, matrix 128×128, field
of view (FOV) 160×160mm, and temporal resolution 1 s/frame [18].

For post-processing, the acquired data were transferred to a per-
sonal computer with MATLAB (MathWorks, Natick, MA). Under the
guidance of a musculoskeletal radiologist, a user with 10 years' ex-
perience in DCE MRI processing identified visible peripheral arteries
such as anterior tibial, peroneal, and posterior tibial arteries in the FOV,
and manually sampled the voxels from at least one of the three arteries.
Caution was taken to avoid partial volume artifacts. Signals of the
sampled voxels were averaged, and the resulting signal vs. time curve
was considered as the reference.

2.2. Automated sampling of AIF

The method starts with a preliminary screening of arterial voxel
candidates based on the general pattern of their signal enhancements,
and then a further ranking based on a key temporal feature of contrast-
enhancement signals. To eliminate partial volume artifact, we identi-
fied the relatively large regions in the selected voxels with connected
component analysis (CCA), followed by a final trimming step.

2.2.1. Selecting temporal feature of arterial contrast enhancement
The following temporal features have been reported to be char-

acteristic of arterial contrast enhancement: short TTP [16,25–28], high
Smax [16,25–27], low FWHM [8,25–28], and high M value [26,28],
where M=Smax / (TTP×FWHM), as graphically demonstrated in
Fig. 1(a) and also in representative signals from our calf-muscle data
(Fig. 1(b)). While all the temporal features agree with the principle of
tracer kinetics [31], estimation of the different parameters from real
noisy data can suffer from different degrees of propagated error. In the
following procedure, we determined which of the features would most
reliably identify arterial regions in real DCE MRI images with noise. For
each of the 41 data, the four parameters (TTP, Smax, FWHM, and M)
were estimated for all voxels. Specifically, signal vs. time curve for each
voxel was first interpolated from 1 s/frame to 0.1 s/frame with a cubic

Fig. 1. (a) The well-recognized temporal features for arterial contrast enhancement, including low time to peak (TTP), high first-pass peak (Smax), low full width at
half maximum (FWHM). (b) Representative signal versus time curves of the different tissue types from exercise-stimulated DCE MRI. For best display effect, baselines
of all the curves were aligned to a same level.
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interpolation. For the interpolated curve, we first identified its highest
peak as maximal signal Smax; if the peak width at the level of 80% of
Smax was< 3 s, we treated the peak as a spike due to noise and excluded
the voxel from further analysis. For the highest peak (presumably the
first-pass peak) of each included curve, we computed TTP, FWHM and
M value, and selected the 50 curves (and thus voxels) with the lowest
TTP, the highest Smax, the lowest FWHM, or the highest M value, re-
spectively. We counted the number of voxels that were identified by
both the manual sampling method and the above ranking approach,
and then divided the voxel number by the overall number of the
manually sampled voxels, or “recall ratio” [32]. This recall ratio was
then averaged across all the 41 datasets. Higher recall ratio for a feature
indicates that the feature is more characteristic of arterial signal en-
hancement. The feature with the highest recall ratio was used in
ranking the voxels in our proposed method below. Note that for this
comparison procedure we did not need an independent set of data,
because our goal here was not to train a model based on the temporal
metrics, but simply to compare the different metrics.

2.2.2. Identifying arterial voxels based on both temporal and spatial
features

In this section, we propose an approach for automatically sampling
AIF from DCE MRI data. The approach identifies the arterial voxels by
utilizing both their temporal enhancement and the spatial information.
As the result of the above comparison, we chose to use the temporal
metric Smax for ranking the voxels. The approach starts with a pre-
liminary screening based on contrast-enhancement pattern, followed by
a more stringent Smax-based ranking. Then connected component ana-
lysis (CCA) was used to identify the relatively large artery regions
without partial volume artifact.

Step 1: Pre-select candidate voxels with detectable contrast enhance-
ment. This pre-selection aims to include voxels fully or partially
occupied by blood vessels, and to exclude voxels of pure
muscle, background or fat (Fig. 1(b)). Specifically, signals were
averaged over a short period at three time points: baseline,
peak, and tail. A voxel is pre-selected, if its signal curve fulfills a
simple criterion: the peak level is higher than the tail level,
which is further higher than the baseline level; both the signal
differences should be larger than the noise level, as estimated
by the standard deviation (STD) of the signals in the period of 2
to 3min post-contrast.

Step 2: Rank the candidate voxels to identify the ones with the highest
Smax. Note that to account for voxels with high Smax from other
factors (e.g. noisy fat voxels, or muscle voxels containing some
vessels), the number of pixels selected in this step (N1) should
be set to be larger than the estimated number of true arterial
voxels (N2).

Step 3: Identify large artery regions using connected components ana-
lysis (CCA) [33]. CCA groups the selected voxels (from Step 2)
into multiple connected components based on the locations of
the voxels. Similar to Step 2, in customizing the method for a
specific application, the number of the selected regions should
be larger than the number of predicted arterial regions in the
field of view.

Step 4: Re-rank the candidate voxels in the detected large arteries to
identify the N2 voxels with the highest Smax. In Steps 2 and 3,
more voxels (N1 > N2) or regions than expected were in-
tentionally kept, to make sure the major arteries are included.
This Step 4 would ‘trim’ off the voxels on the boundary of an
arterial region. Note that Steps 2, 3 and 4 interleave the use of
the temporal and spatial criteria in “filtering” the voxels.

For our application of calf muscles, the axial slice at the level of the
thickest calf contains 3 major arteries (anterior tibial, peroneal, and
posterior tibial artery), with an overall area of 30–40mm2. Such area

corresponds to 20–30 voxels in our imaging (FOV 160×160mm and
matrix 128×128). Hence, we set the number of candidate voxels N1 in
Step 2 as 50 and the number of arterial regions in Step 3 as 4. In the
final step, we set the number of pure-artery voxels N2 as 10 to minimize
partial volume artifact. How a proper value for N1 was determined is
explained in Appendix.

To evaluate the performance of the proposed method, we computed
the Pearson's correlation coefficients (r) [34] and the relative difference
(d) between the arterial signal curves sampled by the proposed method
and the manually sampled ones. High level of r and low level of d in-
dicate high similarity of two curves and thus high performance of the
proposed method. Both the metrics were averaged across the 41 data-
sets, and are expressed as mean ± standard error (SE). To evaluate the
inter-observer variability of the manual sampling method, a second user
manually sampled AIF for the same datasets. For each dataset, we
computed the Pearson's correlation coefficient and the relative differ-
ence between the arterial signal curves sampled by the two users.

3. Results

3.1. Characteristic features of arterial contrast-enhancement

Across the 41 DCE MRI datasets, 95.5% ± 1.7% of the reference
voxels were among the 50 voxels with the highest Smax. For the other
parameters TTP, FWHM and M value, the percentages were
34.5% ± 5.1%, 33.9% ± 5.9% and 79.5% ± 3.7%, respectively.
Based on this preliminary study, it was determined that in manual
sampling of AIF in axial images of calf, a high Smax was the most con-
sistently distinctive feature among the four features, in differentiating
artery from other tissues in a same field of view.

3.2. Performance of the automatic AIF sampling approach

The proposed method successfully sampled AIFs from all 41 data-
sets, without user assistance. On average, the proposed method took
about 5 s, while the manual sampling took 10–20min for each dataset.
For a representative case, we show the intermediate result after each
step of the proposed method in Fig. 2.

With the proposed method, all the three major calf arteries (per-
oneal, anterior tibial, and posterior tibial artery) were detected in 11
out of the 41 cases. Of the 41 cases, peroneal artery was identified in 39
cases, anterior tibial artery in 22 cases, and posterior tibial artery in 25
cases. This finding agrees with the fact that on the imaging level of the
calf, the peroneal artery is the thickest branch of all the three arteries.

Averaged across the 41 datasets, Pearson's correlation coefficient (r)
and the relative difference (d) between the signal curves from the
proposed and the reference method were 0.983 ± 0.004 (p-value <
0.01) and 2.4% ± 2.6%, respectively (Table 1). Fig. 3 shows the two
worst AIFs sampled by the proposed automated method, one with the
lowest r value 0.87 and the other with the highest d value 43%. Be-
tween the different groups (healthy versus PAD, and different exercise
intensities), we did not detect a significant difference in terms of the
correlation coefficients or the relative differences. Fig. 4 shows two sets
of example AIFs, one from a healthy subject (26 years old) and the other
from a PAD patient (61 years old), which differed much in their mag-
nitude but were both sampled by the proposed method with high ac-
curacy. While the proposed automatic method has zero inter-observer
variability, Pearson's correlation coefficient and the relative difference
between the manually sampled signal curves by the two users were
0.953 ± 0.014 and −2.2% ± 1.6%, respectively.

4. Discussion

Sampling of AIF is a crucial step in quantitative processing of DCE
MRI data, but is challenging for some peripheral organs. The presence
of PAD could make it even more challenging. In our acquired data of
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calf muscles, the number of arterial voxels sampled manually in PAD
patients by an experienced user was noticeably lower than that in
healthy subjects (2.3 ± 0.49 vs. 3.4 ± 0.26). In this study, we pro-
posed a multi-step screening method for sampling AIF. For the 41 DCE
MRI data acquired from human calf muscles, the proposed method
produced AIFs that highly resembled the manually-sampled ones.

One major decision in our proposed method was which of pre-
viously reported temporal feature should be used for voxel ranking.

According to tracer kinetic principles, all the four features (high Smax,
low TTP, low FWHM, high M value) are characteristic of arterial con-
trast enhancement. However, to accurately estimate the different
parameters from noisy enhancement curves is challenging by different
degrees. Time to peak (TTP) is computed as the difference between
bolus arrival time and peak time. Accurate estimation of bolus arrival
time can be challenging, and its difference between arterial and high-
perfusion voxels is sometimes small. Estimation of FWHM requires in-
terpolation or reliable curve fitting first. The parameter M involves all
the other three parameters. Of the four parameters, Smax takes the least
computation effort for its estimation. In addition, with Smax as a sam-
pling criterion, the voxels with partial volume artifact (e.g. those of
small vessels or on the boundary of large arteries) can be directly ex-
cluded. The potential advantage of Smax over other parameters was
verified in a preliminary comparison with our DCE MRI data. However,
this should not preclude future studies in designing new screening
method using some combination of multiple temporal features.

Instead of screening the voxels with temporal feature only, our
method also incorporates spatial feature (i.e. the area of the selected
regions in Step 3), and interleaves the use of temporal and spatial cri-
teria in a multi-step procedure: coarse screening with temporal pattern,
the first ranking with Smax, CCA for large regions, and the second
ranking with Smax. This multi-step interleaved manner could effectively
include the true arterial voxels, and at the same time discard the non- or
partial-artery voxels. Anatomic information was also used in de-
termining the numbers of voxel candidates in each step. For example,
with the estimate of 20–30 artery voxels in our calf slice, in Step 2 of
ranking we kept the 50 voxels (Fig. A.1) with highest Smax, making sure
to include all arteries in FOV, and then in Step 4 of trimming, kept only
about 10 voxels to avoid partial volume artifact. A good estimate of the
overall arterial area in the FOV would increase the speed and perfor-
mance of the proposed method. By the careful design that utilizes both
temporal and spatial information, our method is made fully automatic,
advantageous over the clustering-based methods that require pre-
cropping or pre-segmentation [25,27,35] and are usually computa-
tionally inefficient [26,28,35]. Note that, because PAD could alter the
vasculature of the calf, we did not use the pre-defined location of the

Fig. 2. Representative example to demonstrate the proposed AIF sampling process. In Step 1 (not shown here) all voxels with contrast enhancement were selected.
Then the voxels with the highest Smax (a) were identified in Step 2. The large arterial regions (b) were selected by CCA in Step 3 and were further trimmed to remove
boundary voxels (c). For comparison, the manual reference voxels and AIF are shown in (d). For this example, the correlation coefficient of the enhancement curves
from each of the three arteries against its manual reference was 0.914, 0.977, 0.998, and the relative difference was −18.9%, −11.4%, 8.4%, respectively.

Table 1
Pearson's correlation coefficient and relative difference between the signal
curves from the proposed method and the manual sampling method for all the
41 data.

Cases Pearson's
correlation
coefficient

Relative
difference

Cases Pearson's
correlation
coefficient

Relative
difference

1 0.995 −19.3% 23 0.994 −37.8%
2 0.996 −11.4% 24 0.998 8.4%
3 0.998 −13.0% 25 0.990 5.6%
4 0.997 25.7% 26 0.925 −19.6%
5 1.000 0.9% 27 0.971 −8.0%
6 0.985 −3.3% 28 0.996 −0.8%
7 0.981 16.5% 29 0.999 19.6%
8 0.990 9.6% 30 0.984 42.5%
9 0.992 2.1% 31 0.999 −3.3%
10 0.970 3.2% 32 0.974 14.8%
11 0.994 21.3% 33 0.999 8.3%
12 0.993 0.3% 34 0.990 13.5%
13 0.999 −5.4% 35 0.985 2.2%
14 0.960 5.1% 36 0.987 10.5%
15 0.983 22.8% 37 0.993 −16.0%
16 0.868 −13.4% 38 0.893 −12.0%
17 0.995 −37.8% 39 0.998 −5.6%
18 0.991 5.3% 40 0.964 9.7%
19 0.990 38.3% 41 0.996 0.9%
20 0.992 25.0%
21 0.980 −0.2% Mean 0.983 2.4%
22 0.997 −6.4% Standard

error
0.004 2.6%
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arteries as in the previous studies [16,25,27], but instead estimate the
cross-sectional area of the arteries in assisting AIF sampling.

This study has several limitations. First, some combinations of the
different temporal features could outperform Smax in identifying the

arterial voxel candidates. This will be explored in future study. Second,
in evaluating the performance of the proposed method, we compared it
against conventional manual sampling method, which may suffer from
some errors. An ideal validation is to compare against contrast con-
centrations in sampled arterial blood, or alternatively, to perform si-
mulation where true AIF is known. Third, we did not apply the sampled
AIFs for quantifying tissue perfusion parameters. In model-based opti-
mization approach, we expect that the error in AIF would be pro-
portionally propagated into tissue perfusion estimates. Fourth, the
proposed method was tested on a small group of human subjects, and
only 3 of them were PAD patients. Test on more human subjects is
needed for future study. Fifth, the proposed method does not correct for
motion artifact. Some PAD patients may experience involuntary leg
twitching, so as a future work, the method can be improved by in-
corporating some image registration algorithm.

In conclusion, by utilizing temporal and spatial features in a multi-
step interleaved manner, the proposed method effectively identified
arterial input functions that highly resembled those manually sampled
by expert in leg arteries. Its applicability in other peripheral organs
should be tested in future studies.
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Appendix A. Number of candidate voxels (N1) selected in Smax ranking (Step 2)

To determine a proper value for N1, as a preparatory step we repeated Step 2 with different N1 values from 10 to 100 (with 10 as interval), and
computed the resulted “recall ratio” [32] as the number of manually sampled voxels in the candidate voxels over the number of all manually sampled
voxels. The number N1 should be high enough to include as many arterial voxels as possible (i.e. high recall ratio), but at the same time should be
low enough to exclude non-artery voxels. Fig. A.1 shows the resulted recall ratio from the various N1 values. The recall ratio increased from
72.3% ± 3.6% at N1 of 10, to 95.5% ± 1.7% at N1 of 50; further increase of N1 to 100 led to small increase in recall ratio to 98.2% ± 1.1%. Based
on this analysis, we set N1 at 50, a number about 2 times of the estimated arterial voxels.

Fig. 3. The two datasets with the largest difference between sampled arterial signals by the proposed method and by the manual sampling. (a) The lowest Pearson's
correlation coefficient 0.87. (b) The highest relative difference 43%; the signals sampled by the manual method were lower, presumably due to its partial volume
artifact.

Fig. 4. AIFs successfully sampled for a young healthy subject and for an aged
PAD patient. As the proposed method is based on a ranking approach, its per-
formance was not affected by the magnitude of the signals.
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Fig. A.1. The relationship between the number (N1) of candidate voxels (the voxels with the highest Smax in Step 2) and the resulted recall ratio. Increase in N1
would lead to increase in recall ratio, but the latter plateaus at N1 of 50–60.
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