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A B S T R A C T   

Background: Growing interest surrounds perivascular spaces (PVS) as a clinical biomarker of brain dysfunction 
given their association with cerebrovascular risk factors and disease. Neuroimaging techniques allowing quick 
and reliable quantification are being developed, but, in practice, they require optimisation as their limits of 
validity are usually unspecified. 
New method: We evaluate modifications and alternatives to a state-of-the-art (SOTA) PVS segmentation method 
that uses a vesselness filter to enhance PVS discrimination, followed by thresholding of its response, applied to 
brain magnetic resonance images (MRI) from patients with sporadic small vessel disease acquired at 3 T. 
Results: The method is robust against inter-observer differences in threshold selection, but separate thresholds for 
each region of interest (i.e., basal ganglia, centrum semiovale, and midbrain) are required. Noise needs to be 
assessed prior to selecting these thresholds, as effect of noise and imaging artefacts can be mitigated with a 
careful optimisation of these thresholds. PVS segmentation from T1-weighted images alone, misses small PVS, 
therefore, underestimates PVS count, may overestimate individual PVS volume especially in the basal ganglia, 
and is susceptible to the inclusion of calcified vessels and mineral deposits. Visual analyses indicated the 
incomplete and fragmented detection of long and thin PVS as the primary cause of errors, with the Frangi filter 
coping better than the Jerman filter. 
Comparison with existing methods: Limits of validity to a SOTA PVS segmentation method applied to 3 T MRI with 
confounding pathology are given. 
Conclusions: Evidence presented reinforces the STRIVE-2 recommendation of using T2-weighted images for PVS 
assessment wherever possible. The Frangi filter is recommended for PVS segmentation from MRI, offering robust 
output against variations in threshold selection and pathology presentation.   

Abbreviations: SOTA:, state-of-the-art; MRI:, magnetic resonance imaging; nPVS:, perivascular spaces. 
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1. Introduction 

1.1. Perivascular spaces and their relevance 

Perivascular spaces (PVS) are cerebrospinal or interstitial fluid-filled 
cavities surrounding perforating cerebral microvessels as they course 
from the subarachnoid space to the brain parenchyma (Wardlaw et al., 
2020). They are part of a brain-wide system that facilitates waste 
elimination, interstitial fluid exchange, and the distribution of 
non-waste compounds, hence playing a crucial role in the maintenance 
of healthy brain function (Brown et al., 2018; Jessen et al., 2015; Mestre 
et al., 2017; Aribisala et al., 2023). Usually microscopic, PVS become 
visible on magnetic resonance imaging (MRI) when enlarged or dilated 
(Wardlaw et al., 2020). The burden of MRI-visible PVS has high heri
tability and genetic associations (Duperron et al., 2023), and has been 
associated with sleep disturbances (Aribisala et al., 2020), cerebrovas
cular diseases and risk factors (Liu et al., 2021), with recent studies 
showing these being largely location-dependant (Doubal et al., 2010; 
Francis et al., 2019; Potter et al., 2015b; Valdés Hernández et al., 2020). 
However, debates remain over whether these associations are accurate 
and significant or not, given the modest sample sizes of the majority of 
the individual studies (Francis et al., 2019; Wardlaw et al., 2020) and 
limitations in the MRI analysis methods that generate the PVS assess
ments (Pham et al., 2022; Moses et al., 2023). 

1.2. Computational identification of PVS candidates 

With little variation, despite the surge of deep learning methods and 
their application to PVS segmentation (Pham et al., 2022; Moses et al., 
2023), the most widely applied state-of-the-art PVS segmentation 
methods rely on identifying and enhancing tubular-like structures, fol
lowed by thresholding the output of this filtering procedure (Table 1). 
Due to their characteristic contrast (i.e., hypointense in T1-weighted 
(T1W) and fluid-attenuated inversion recovery (FLAIR), and hyperin
tense in T2-weighted (T2W) MRI) and geometric properties (e.g., local 
curvature and eccentricity), determination of the position and orienta
tion of PVS in MRI can be achieved using image gradients (Niazi et al., 
2018), and morphology analyses (e.g., Ballerini et al., 2016, Boespflug 
et al., 2018, Schwartz et al., 2019), these commonly via eigen analysis of 
the Hessian matrix (Frangi et al., 1998; Lamy et al., 2021; Bernal et al., 
2021). The Frangi filter, the Hessian-based vessel enhancement method 
most widely applied, analyses three eigenvalues of the Hessian matrix 
(denoted as α, β, and c), allowing ‘blob-like’, linear and low intensity 
structures to be filtered out (Frangi et al., 1998). For each given image, a 
vesselness likelihood response map is created. The final response can 
additionally be thresholded to further reduce false positives. New ap
proaches towards vesselness filtering have also been suggested (Lamy 
et al., 2021, Bernal et al., 2022). Of particular interest is the Jerman 
filter, which aims to respond better to varying morphologies, contrasts 
and bifurcations (Jerman et al., 2016). Unlike the Frangi filter, it addi
tionally normalises the eigenvalues of the Hessian matrix depending on 

Table 1 
Overview of the performance, application in datasets different from the one(s) used for their development, and code availability, of the fully automatic PVS seg
mentation methods* published up to September 2023 and indexed in Web of Science.  

Method Relevant references Performance in the validation dataset 
(s) (mean values in testing / validation 
sample) 

Application in other datasets Availability for 
independent evaluation 

Stochastic modelling of 
PVS geometry 

Kruggel et al. (2002); 
Descombes et al. (2004) 

Correlation with visual scores 0.77, ICC 
with one expert 0.87. Type I error (false 
positives) 13% and type II error (false 
negatives) 2.7% 

Not found Not found 

Conventional techniques: 
thresholding, image 
gradients, or 
morphology analysis 

Niazi et al. (2018); 
Schwartz et al. (2019); 
Boespflug et al. (2018) 

0.77% false positive and 19.39% false 
negative pixels compared against visual 
counting; 
Correlations (with visual counting, and 
repeated measures in single slice and 
whole brain): 0.72 ≤ r ≤ 0.87, and with 
visual rating scores: 0.58 ≤ r ≤ 0.69 

Veterans (n = 56;Piantino et al., 2021), older 
adults (n = 181;Vikner et al., 2022), patients 
with behavioural variant frontotemporal 
dementia (n = 10;Moses et al., 2022), 
astronauts (n = 11; Hupfeld et al., 2022) 

Not found 

Frangi vesselness filter 
followed by 
thresholding 

Ballerini et al., (2016, 
2018);Sepehrband et al. 
(2019) 

Compared to visual scores: Lin’s 
concordance coefficient 0.81, Pearson’s 
correlation coefficient 0.61, Spearman’s 
ρ correlation coefficient 0.57 ≤ ρ ≤ 0.75 

Older adults (n = 540;Valdés Hernández et al., 
2020,Hamilton et al., 2021,Aribisala et al., 
2023), epilepsy (n = 332;Liu et al., 2020), 
Human Connectome Project (n = 897;Barisano 
et al., 2021), AD patients (n = 596,Sepehrband 
et al., 2021) 

Valdés Hernández et al. 
(2023) 

Vesselness filter as input to 
a machine learning 
scheme 

Choi et al. (2020);Zhang 
et al. (2017) 

ICC 0.98 (validation set n = 10), DSC 
0.66 

Not found https://github.com/ 
hufsaim/pvsseg 

Conventional machine 
learning (e.g., random 
forest, support vector 
machine) 

Neural network:Uchiyama 
et al. (2008) 
Random forest:Park et al. 
(2016),Sudre et al. (2022) 
K-nearest neighbour 
classifier:Spijkerman et al. 
(2022) 

AUC 0.945 to differentiate lacunar 
infarcts from PVS; 0.72 ≤ DSC ≤ 0.73, 
Sensitivity 0.69, PPV 0.80; F1 38.92, 
AED 16, AVD 45.20 

Not found Not found 

Deep learning Sudre et al. (2022);Lian 
et al. (2018);van Wijnen 
et al. (2019);Boutinaud 
et al. (2021) 

PPV 0.83, 0.53 ≤ Sensitivity ≤ 0.74; 
45.7% ≤ FAUC ≤ 53.1%, 0 ≤ F1 ≤ 35.8, 
0.28 ≤ DSC ≤ 0.77, 45 ≤ AVD ≤ 390 

Healthy adults (n = 161,Wang et al., 2021,  
Huang et al., 2021) 

https://hub.docker.com 
/r/whereisvaldo/ 
challenge2021/tags; 
https://github.com/ 
pboutinaud/SHIVA_PVS 

Legend: PVS: Perivascular Spaces, AUC: Area Under the (ROC) Curve, FAUC: F stat (ratio of two variances) of the AUC from two measurements (e.g. manual vs. 
automatic), ICC: Intra-class Correlation Coefficient, AVD: Absolute Volume Difference (mm3), DSC: Dice Similarity Coefficient, PPV: Positive Predicted Value, AED: 
Absolute Error Distance 
Note *this table excludes semi-automatic (e.g., GUI-based), quantification, and automatic scoring methods, and only references initial publications of the methods, not 
further variations, adaptations or improvements 
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the relative brightness of the structures of interest compared to the 
surrounding background (Jerman et al., 2016). The vesselness likeli
hood response of the Jerman filter is controlled by a single parameter, 
which acts as a threshold for the filter’s sensitivity to noise and low 
contrast structures (Jerman et al., 2016). Similarly, this response can 
also be thresholded by adjusting this parameter. The single parameter 
controlling the filter’s vesselness likelihood response is particularly 
noteworthy, given that optimising a single parameter is a far more 
straightforward process than optimising the three parameters of the 
Frangi filter. Although the characteristics of this filter, therefore, may 
hold great potential, in-silico experiments did not show promising re
sults comparatively in this specific application (i.e., PVS segmentation) 
(Bernal et al., 2022). 

1.3. Confounders in the identification of enlarged perivascular spaces 
from MRI 

Although computational segmentation techniques overcome the 
limitations of visual scores (Ballerini et al., 2020; Pham et al., 2022), 
they are still vulnerable to the presence of imaging artefacts and other 
disease-related imaging confounds (Bernal et al., 2022; Valdés 
Hernández et al., 2013), and can give inconsistent results depending on 
the robustness of the software implementation. Artefacts affecting PVS 
segmentations are caused by complex interactions between image 
structure, patient movement, sequence parameters and the k-space 
acquisition strategy, manifesting primarily as blurring (Fig. 1A), ringing 
(Fig. 1B) or ghosting (Fig. 1C) (Shaw et al., 2020; Wood and Henkelman, 

Fig. 1. Axial slices of T2-weighted MRI scans illustrating common imaging artefacts, indicated by red boxes. A: blurring; B: effect of motion artefact; C: ghosting 
effect around the sulci of the right parieto-occipital lobe and effect of truncation artefact; D: noise in the basal ganglia (mainly). 
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1985; Zaitsev et al., 2015). Separate to these are noise, discretisation or 
MR reconstruction artefacts (Fig. 1D) (McRobbie et al., 2006). Different 
pre-processing schemes have been proposed to limit the impact of the 
main sources of artefacts on the image quality (Godenschweger et al., 
2016; Bernal et al., 2021). But these artefacts, although in levels that 
may deem the image quality as “acceptable”, reduce the level of detail 
available while increasing the likelihood of false positives being detec
ted (Bernal et al., 2020, 2021) altering PVS segmentation and, therefore, 
quantification up to levels which have not been so far documented for 
in-vivo MRI. Neither has the impact in clinical research of using different 
imaging sequences (i.e., T1-weighted vs. T2-weighted), or differences in 
the selection of what authors describe as “the optimum threshold” for 
segmenting filter’s responses been documented. 

1.4. Our aims, hypotheses and contributions 

In-silico evaluation of the performance of different methods for 
facilitating the detection of PVS-like structures concluded that all the 
three filtering methods are heavily influenced by imaging quality, with 
sampling and motion artefacts being the most relevant (Bernal et al., 
2022). The same study simulated the presence of other hyperintense 
structures (e.g. white matter hyperintensities (WMH), stroke lesions, or 
lacunes) and reported that none of the filtering methods evaluated could 
distinguish PVS-like structures from these simulated confounds. This 
study builds on these previous evaluations but using only the 
Hessian-based filters and brain images from in-vivo 3 T brain MRI of 
individuals with sporadic small vessel disease (i.e., with WMH, stroke 
lesions and lacunes as well as PVS) seeking to answer the following 

questions:  

1) Do differences in selecting the threshold to the filter response impact 
the results? If so, how?  

2) Do different strategies of intensity normalisation impact the results? 
If so, how?  

3) Do differences in quantitative results from assessments using T1- 
weighted vs. T2-weighted impact the associations between PVS 
and age, vascular risk factors and WMH?  

4) Can an image-quality-based threshold of the filter response help in 
the quantification of PVS? 

We hypothesise that although all responses to the above questions 
will be affirmative, it is possible to minimise the impact of these po
tential sources of discrepancies in PVS identification, and that the in
formation will guide choice of MRI sequence for analysis. We evaluate 
modifications of a state-of-the-art PVS segmentation method that uses 
Hessian-based filtering as a core element to detect PVS, to formulate 
recommendations. 

2. Materials and methods 

2.1. Sample 

We utilised brain MRI, clinical and demographic data obtained at the 
baseline scan from patients who presented to clinics in the Scottish re
gion of Edinburgh/Lothians with mild stroke symptoms (modified 
Rankin scale (mRS) ≤ 2) between August 2018 and November 2021, 

Fig. 2. Flow charts of the ROIs and PVS segmentations. This study evaluates the usefulness of the normalisation of the filter response (blocks highlighted in a 
different blue tone). 
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who enrolled in a prospective observational longitudinal study of small 
vessel disease: the Mild Stroke Study 3 (MSS3, registered ISRCTN 
12113543) (Clancy et al., 2021). The MSS3 was approved by the South 
East Scotland Research Ethics Committee (Ref 18/SS/0044) and by the 
NHS Lothian Research & Development (Ref 2018/0084), on 31 May 
2018. Participants attended their baseline MRI scan, on which the pre
sent cross-sectional analysis is based, within 3 months of acute stroke 
presentation. We used these data since the study is large, clinically 
relevant to the study of small vessel disease, and provides 3D 
T1-weighted and 3D T2-weighted images with high spatial resolution on 
which to evaluate the PVS processing methods in the same patients and 
at the same scanning session. 

The full image acquisition protocol of the study is published in 
Clancy et al. (2021). Of note, 3D T1-weighted (T1W) images were 

acquired with TR/TE/TI = 2500/4.37/1100 ms and 7o flip angle, and 
have isotropic 1 mm3 voxels; 3D T2-weighted (T2W) images were ac
quired with TR/TE = 3200/408 ms, and had voxel size of dimensions 
0.90 mm × 0.937 mm× 0.937 mm. The demographic variables used in 
this study are age at presentation and gender assigned at birth. The 
clinical variables used are vascular risk factors (i.e., diabetes (yes/no), 
hypertension (yes/no), hypercholesterolaemia (yes/no), current or 
recent smoker (yes/no)), WMH Fazekas scores (Fazekas et al., 1987), 
and PVS visual rating scores as per Potter et al. (2015a). 

2.2. Image processing 

2.2.1. PVS segmentation 
PVS were assessed in the basal ganglia (BG) and centrum semiovale 

(CSO) regions (ROIs) separately and independently on T1W and T2W 
images from all patients. The ROIs in which the PVS were measured 
were generated by combining the brain parcellation output from Free
surfer™ 6.0, with the probabilistic masks of cerebrospinal fluid and 
pial/meningeal layers obtained from a multispectral Gaussian clustering 
that used T1W, T2W and FLAIR images simultaneously, all in the T2W 
native image space. For segmenting PVS on the T1W images, all PVS 
ROIs were registered to the native T1W image space afterwards using 
rigid body registration and nearest neighbour interpolation. All co- 
registrations used niftyreg (http://sourceforge.net/projects/niftyreg/), 
which was called through TractoR (http://www.tractor-mri.org.uk/d 
iffusion-processing). Stroke lesions were manually delineated, and 
WMH were segmented semi-automatically (see Clancy et al., 2021 
supplementary materials) and were excluded from the ROIs for these 
analyses. PVS segmentation masks were generated by thresholding the 
output from the vesselness filters applied to brain-extracted images. We 
used the recommended filter parameters: α = 0.5, β = 0.5, and c= 500 
for Frangi (Ballerini et al., 2018), and τ = 0.5 for Jerman (Jerman et al., 
2016) to enhance the tubular structures (i.e., PVS), as opposed to 
wedge-shaped or irregular-shaped structures (i.e., lacunes, white matter 
hyperintensities and other ischaemic lesions). Further differentiation 
between elongated lacunes and clustered PVS was achieved by applying 
the k-means clustering to areas corresponding to large connected com
ponents, which separated the PVS that were close to each other and 
previously considered a single “object”. PVS count was defined as the 
number of connected components in each ROI. The PVS segmentations 
performed on T2W images were considered the reference segmentations 
(i.e., over those performed on T1W), as the updated Standards for 
Reporting Vascular Changes on Neuroimaging (STRIVE) criteria 
(Duering et al., 2023) recommends. Fig. 2 shows a flow chart of the ROIs 
and PVS segmentations. The full step-by-step image processing pipeline 
can be found in Valdés Herrnández et al. (2023), downloadable from htt 
ps://doi.org/10.7488/ds/7486. 

2.2.2. Influence of threshold and normalisation strategy 
From the first 122 patients imaged, we used clinical and imaging 

data from the 110 patients with T2W images considered of enough 
quality, and evaluated two PVS segmentation schemes. The first (i.e., 
Scheme 1) consisted in linearly normalising the image intensities of the 
whole brain-extracted T2W image to values in the range from 0 to 255 
prior to applying the vesselness filter, and converting into a logarithmic 
scale the filtered result for enhancing intensity differences, therefore, 
facilitating the selection of a unique threshold across the image (i.e., as 
opposed to selecting a threshold per ROI). The second scheme (i.e., 
Scheme 2) applied first the vesselness filter and, then, linearly normal
ised the intensities of the filtered image separately in BG and CSO ROIs, 
also in the range from 0 to 255. Two different observers, independently, 
arrived at two different threshold combinations (i.e., separately for BG 
and CSO). Two different thresholds, also independently selected, were 
also evaluated in Scheme 1. 

Table 2 
Sample clinical and demographic characteristics (n = 228).  

Parameter Value 

Age (mean (SD)) 65.77 (11.17) 
Sex (F/M) 78 (34%)/152 

(66%) 
Diabetes (n (%)) 50 (22) 
Hypertension (n (%)) 157 (69) 
Hypercholesterolaemia (n (%)) 171 (75) 
Smoking status Never (n (%)) 99 (43) 

Current (n (%)) 29 (13) 
Ex-smoker > 1 year (n (%)) 86 (38) 
Ex-smoker < 1 year (n (%)) 12 (5) 

PVS scores (0 – 3) CSO (median [IQR]) 2 [2 3] 
BG (median [IQR]) 2 [1 2.25] 

Fazekas WMH scores Periventricular (0 - 3)(median 
[IQR]) 

1 [1 2] 

Deep (0 – 3)(median [IQR]) 1 [1 2] 
Total (0 – 6)(median [IQR]) 3 [2 4] 

Lacunes ≥ 1 lacune (n (%)) 120 (53) 
≥ 3 lacunes (n (%)) 59 (26) 

Brain Microbleeds 
(BMBs) 

≥ 1 BMB (n (%)) 43 (19) 
≥ 3 BMBs (n (%)) 21 (9)  

Table 3 
PVS measurements per threshold selection and T2W image normalisation 
schemes (n = 110). The symbols (s), ^, and * indicate group measurements that 
do not statistically differ.  

Measurements Whole-brain intensity 
normalisation pre-filtering. 
Unique threshold (Scheme 1) 

Intensity normalisation of 
post-filtered ROIs. 
Thresholds per ROI (Scheme 
2)  

Threshold 1 Threshold 2 Threshold 1 Threshold 2 
Centrum semiovale (CSO) 
CSO PVS count 

(median [IQR]) 
921 [720.75 
1119.5] (s) * 

659.5 
[482.5 901] 

990 [787 
1195] (s) 

839.5 [608 
1087] * 

CSO PVS volume 
(ml, mean (SD)) 

12.64 (6.75) 
(s) 

7.80 (5.09) 13.86 
(7.22) (s) 

10.10 (6.04) 

CSO PVS average 
length (mm) 
(median [IQR]) 

3.72 [3.53 
3.99] (s) 

3.96 [3.68 
4.22] * 

3.68 [3.51 
4.01] (s) 

3.85 [3.67 
4.14] * 

CSO PVS average 
width (mm) 
(median [IQR]) 

1.99 [1.94 
2.01] (s) 

1.99 [1.95 
2.03] (s) * 

1.97 [1.93 
2.00] (s) ^ 

1.99 [1.95 
2.02] (s) * ^ 

Basal ganglia (BG) 
BG PVS count 

(median [IQR]) 
201 [177.25 
218.75] 

183 [163.25 
207] 

158 
[140.25 
187] (s) 

169.5 
[149.5 197] 
(s) 

BG PVS volume 
(ml, mean (SD)) 

5.33 (1.33) 3.64 (1.15) 2.52 (1.01) 
(s) 

2.79 (1.06) 
(s) 

BG PVS average 
length (mm) 
(median [IQR]) 

3.14 [3.06 
3.31] 

3.39 [3.27 
3.53] 

3.50 [3.40 
3.68] (s) 

3.47 [3.34 
3.60] (s) 

BG PVS average 
width (mm) 
(median [IQR]) 

1.84 [1.75 
1.93] 

1.96 [1.88 
2.01] * 

2.00 [1.96 
2.05] (s) 

1.98 [1.93 
2.03] (s) *  
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2.2.3. Influence of noise and artefacts 
In a subsample of 60 patients, selected to ensure all T2W images with 

artefacts were included, we analysed the influence of noise and artefacts 
in measurements using the Jerman filter vs. the Frangi filter for PVS 
enhancement. We segmented the PVS using the Scheme 2. To determine 
the optimum threshold one observer selected an initial threshold, based 
on previous evaluations and recommended values (Ballerini et al., 
2018), and systematically varied it in steps of ± 0.01 until the result was 
visually acceptable. Image quality was assessed computationally as per 
Bernal et al. (2021) using mriqc (https://mriqc.readthedocs.io/en/late 
st/), and validated against neuroradiological scores generated blind to 
the computational results. The metrics used to evaluate the image 
quality and considerations on their appropriateness are summarised in 
the Supplementary material (file Supplementary_mater
ial_2_Image_quality_assessment.pdf). For these analyses and threshold 
optimisation, the T2W images in this subset were classed as “clean” and 
“noisy” depending on the presence of the imaging artefacts mentioned 
and illustrated previously, visually identified, and guided by the results 
from mriqc. 

2.2.4. Use of T1-weighted vs. T2-weighted sequences 
This evaluation uses data from 217 out from the 228 patients that 

comprise the total sample, as images from 11 patients had excessive 
noise and were discarded. We calculated density of PVS per ROI defined 
as the number of PVS identified per ml in each ROI, and percentage of 
PVS volume in each ROI using the PVS segmentation results from T1W 
and T2W, for a fair comparative analysis (i.e., given that the ROI vol
umes might have changed slightly in the registration process). We 
evaluated the impact of excluding (vs. not) PVS in the WMH. In T2W, 
PVS in the WMH were segmented as described in Barnes et al. (2022). 
Briefly, we used the same method described above (i.e., thresholding the 
output of the 3D Frangi filter) but using an image obtained by sub
tracting the FLAIR MRI sequence from the T2W after applying bias-field 
correction using FSL-FAST (Zhang et al., 2001) and intensity normal
isation. For obtaining the PVS in WMH on T1W, we only removed the 
stroke lesions from the PVS ROIs. All segmentation results were visually 
checked independently in T1W and T2W, and corrected for errors that 
could be derived from the image processing: white/grey matter 
boundaries and ventricular edges that could be mistaken by PVS due to 
imprecisions in the co-registration of the ROIs. 

Fig. 3. Spearman rank cross-correlations between PVS count and volume in BG and CSO from the schemes evaluated to assess influence of normalisation procedure 
and inter-observer differences in threshold selection, and visual rating (VR) scores (n = 110). Sc1 refers to the scheme 1 where the overall brain intensities were 
normalised prior to filtering and a single threshold was used for BG and CSO, Sc2 refers to the scheme 2, where intensities were normalised separately in BG and CSO 
after applying the Frangi filter and different thresholds were selected for BG and CSO. Th1 and Th2 refer to the two different thresholds selected independently in 
both schemes. 
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2.3. Statistical analysis 

Statistical analysis was performed in Matlab R2019b and R (version 
3.6.2). We compared the influence of threshold and normalisation 
strategy in the 4 groups of measurements using the Kruskal-Wallis test. 
We compared the measurements using T1W vs. T2W using the Wilcoxon 
rank sign test. We used the Spearman rank correlations to compare 
clinical PVS scores and computational counts and volumes. To explore 
interchangeability in the use of each scheme/base image for clinical 
research purposes, we evaluated known associations between the PVS 
measurements and age, hypertension, and WMH (Wardlaw et al., 2020), 
in multivariable linear regression models where the outcome variable 
was the PVS measurement, and the predictors were: age, hypertension, 
and total Fazekas scores, adjusting also for sex, hypercholesterolaemia, 
and smoking. To explore the extent into which number of lacunes, ce
rebral microbleeds, and WMH influence the T1W measurements, we 
used ANCOVA models (T1W_PVS parameter ~ b1 * T2W_PVS parameter 
+ b2 * no. microbleeds + b3 * no. lacunes + b4 * total Fazekas). 

For evaluating the influence of noise and filtering approaches we 
separately represented the distribution of the PVS counts for noisy and 
“clean” scans to also assert sensitivity vs. robustness of the threshold 
selection and filtering approaches to imaging artefacts deemed suitable 
for neuroradiological (i.e. visual clinical) assessments. We also calcu
lated the correlation between regional PVS counts from the tested sce
narios in the subsample (n = 60) and visual rating scores, and visually 
assessed the quality of the segmentations. 

3. Results 

3.1. Sample characteristics 

From the 229 patients recruited, we analysed image data from 228 (1 
claustrophobic) (Table 2). T2W images from 18 patients were corrupted 
by artefacts, of which six were mild and were considered not to affect the 
PVS measurements. 

3.2. Influence of threshold and normalisation strategy 

Table 3 shows the median and interquartile range [QR1 QR3] from 
the two schemes evaluated, and the results from the multiple compari
son group tests. In the BG, normalising the overall brain intensities pre- 
filtering and using a single threshold for BG and CSO ROIs (Scheme 1) 

produced statistically significantly different measurements for each 
threshold, which also differed from those obtained from normalising the 
post-filtered intensities separately in the BG from the CSO (Scheme 2). 
Inter-observer differences in selecting the threshold for segmenting PVS 
in the BG using the Scheme 2 did not affect the results. In the CSO, the 
pattern of group measurement differences was more heterogeneous, 
although for one of the thresholds selected for both schemes, PVS 
measurements in the CSO from one scheme were not different from the 
other. The PVS individual measurements (e.g. width and length) in the 
CSO seem to be quite insensitive to threshold selection and image nor
malisation methods (See differences between estimated group means, 
95% confidence intervals and p-values in Supplementary Table 1, and 
distribution of the measurements in Supplementary Fig. S1). 

The PVS count and volumes were correlated among themselves and 
with the clinical visual rating scores (Fig. 3), with the exception of the 
BG PVS count produced by Scheme 1. Inter-observer differences in 
threshold selection in Scheme 2 did not affect the correlations. 

Table 4 shows the results from the multivariable linear regression 
models. Hypertension, increasing age, and high burden of WMH (i.e., 
higher total Fazekas scores) were associated with the BG PVS count and 
volume assessed using Scheme 2. The BG PVS volume from Scheme 1 
was only associated with age and hypertension. In the CSO, PVS count 
and volume from both schemes, regardless differences in thresholds, 
were consistently associated with age. CSO PVS count from Scheme 1, 
additionally, had a borderline association with hypertension. 

3.3. Influence of noise and artefacts 

The PVS burden and image quality distribution in the subsample of 
60 patients used for this analysis mirrors those of the whole sample 
(Supplementary Fig. S2). The optimised thresholds for the images 
classed as “noisy”, as expected, were higher than those considered 
optimal for the “clean” images, but in different proportions for each 
region and depending on the vesselness filter used. When using the 
Frangi filter, for the BG the optimum threshold for “noisy” images was 
0.04 units higher than those for the “clean” images, and for the CSO 0.12 
units. When using the Jerman filter, for the BG it was 0.01 units higher 
and for the CSO 0.02 units. 

The distribution of PVS count for “clean” and “noisy” images using 
optimised vs. non-optimised thresholds can be seen in Fig. 4. In the clean 
scans, the median values and distributions of PVS count were similar for 
all schemes for both BG and CSO regardless of the filter and inter- 

Table 4 
Results from exploring known associations between PVS and age, PVS and hypertension, and PVS and WMH for each scheme and threshold (adjusting also for sex, high 
cholesterol and smoking) (n = 110).  

Param. Scheme Age Hypertension WMH (total Fazekas) 

B SE p- value B SE p-value B SE p-value 

BG 
PVS 
count 

Sc1Th1 -0.75 0.29 0.011 -2.10 6.58 0.75 0.61 2.34 0.79 
Sc1Th2 0.33 0.33 0.33 11.21 7.62 0.14 3.42 2.71 0.21 
Sc2Th1 0.89 0.36 0.014 21.80 8.07 0.008 3.22 2.87 0.26 
Sc2Th2 0.76 0.36 0.036 20.56 8.08 0.012 2.30 2.88 0.43 

BG PVS vol. (mm3) Sc1Th1 31.42 12.39 0.013 653.36 279.87 0.021 135.26 99.63 0.18 
Sc1Th2 31.90 10.35 0.0026 549.92 233.77 0.020 178.36 83.22 0.034 
Sc2Th1 27.80 9.21 0.0032 464.76 208 0.028 158.01 74.05 0.035 
Sc2Th2 29.32 9.62 0.0029 498.15 217.26 0.024 159.99 77.34 0.041 

CSO PVS count Sc1Th1 9.71 2.55 0.0002 121.27 57.72 0.038 10.88 20.55 0.60 
Sc1Th2 10.17 2.53 0.0001 112.54 57.25 0.052 6.07 20.38 0.77 
Sc2Th1 9.99 2.78 0.0005 109.03 62.80 0.085 -2.58 22.36 0.91 
Sc2Th2 10.8 2.85 0.0002 115.64 64.30 0.075 3.24 22.89 0.89 

CSO PVS vol. (mm3) Sc1Th1 230.08 66.37 0.0008 2089.6 1499 0.17 -449.4 533.64 0.40 
Sc1Th2 151.7 51.12 0.0037 1283.8 1154.4 0.27 -289.7 410.96 0.48 
Sc2Th1 243.15 71.46 0.0009 1845 1613.9 0.25 -376.9 574.54 0.51 
Sc2Th2 186.76 60.45 0.0026 1353.1 1365.2 0.32 -235.5 486.01 0.63 

Note: Sc1 refers to the scheme 1 where the overall brain intensities were normalised prior to filtering and a single threshold was used for BG and CSO, Sc2 refers to the 
scheme 2, where intensities were normalised separately in BG and CSO after applying the Frangi filter and different thresholds were selected for BG and CSO. Th1 and 
Th2 refer to the two different thresholds selected independently in both schemes. 
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observer differences in thresholds. The PVS regional counts and visual 
rating scores were poorly correlated when the same thresholds were 
used for “clean” and “noisy” images (Spearman = 0.38 for BG), as 
opposed to when the thresholds were selectively optimised considering 
image quality (Spearman = 0.65 for BG using Frangi, and 0.58 for BG 
using Jerman). In the CSO, not using different thresholds for “noisy” and 
“clean” images yielded absence of correlation, contrasting with corre
lation values of 0.73 and 0.77 from thresholding the Frangi and Jerman 
filters’ results respectively using the optimised values,. 

Careful visual analysis of the PVS masks generated allowed us to 
identify three main inter-filter differences and filter-specific error pat
terns in the segmentation. The Frangi filter often segmented larger PVS 
clusters compared to the Jerman filter. Also, the Frangi filter out
performed the Jerman filter at discerning low intensity PVS. The Jerman 
filter particularly struggled in areas of high PVS burden, more so than 
the Frangi filter. 

3.4. Use of T1-weighted vs. T2-weighted sequences 

For this analysis, for a fair comparison, data from 11 patients were 
not used due to excessive noise either in T1W or T2W sequences. Mea
surements from T2W images statistically differed from those from T1W 

(Supplementary Table 2). Figs. 5 and 6 show the correspondence be
tween PVS density (counts/ml) and volumes measured using T1W im
ages with respect to the same measurements but obtained from T2W 
images a) considering only the PVS in the NAWM (panels A and B) and 
b) considering all PVS (panels C and D). T2W images allow detection of, 
on average, 1 PVS more per ml than T1W (Fig. 6), increasing propor
tionally with the number of PVS detected (Figs. 5 and 6). This pattern is 
consistent and almost identical for PVS counted in BG and CSO (mean 
(SD) density in T2W = 2.81(0.72) PVS/ml for BG and 2.75(1.02) PVS/ 
ml for CSO, while mean density in T1W = 1.96(0.25) PVS/ml for BG and 
1.80(0.37) PVS/ml for CSO), and PVS volumes in the CSO (mean (SD) 
PVS volume in T2W = 3.91(2.50) % in the CSO ROI, vs. mean PVS 
volume in T1W = 3.00(1.12) % in the CSO ROI) However, total PVS 
volumes in the BG measured in T1W are on average higher than the 
volumes reported for PVS segmented on T2W (Figs. 5 and 6, mean (SD) 
PVS volume in T2W = 4.93(2.27) % in the BG ROI, vs. mean PVS volume 
in T1W = 5.85(1.66) % in the BG ROI). Results were consistent 
regardless of whether PVS in WMH were included or not in the analyses. 

Volumetric correspondence of PVS assessed on T2W with PVS vol
umes assessed on T1W excluding PVS in WMH (B) and including PVS in 
WMH (D). NAWM: normal-appearing white matter. Equations described 
linear tendencies and R2 values are given for each analysis in BG 

Fig. 4. Boxplots of PVS counts in the basal ganglia (above) and centrum semiovale (below) obtained using the same thresholds for noisy and clean images, and 
thresholds separately optimised for clean (pink) and noisy (turquoise) T2W images, after applying the Frangi and Jerman filters. Obs 1 and Obs 2 refer to the 
observers who selected the thresholds. 
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(orange) and CSO (blue). 
Visual inspection of the results shows large clusters of mineral de

posits and calcified vessels in the BG being mistakenly segmented as PVS 
when T1W images are used (Fig. 7), which is not a problem when T2W 
images are used. Bland-Altman analyses of average PVS lengths and 
widths numerically corroborates this finding (Supplementary Fig. S3). 
ANCOVA models exploring the effect of cerebral microbleeds, lacunes, 
and WMH in PVS measurements on T1W (Supplementary Table 3) 
confirmed the effect of WMH in the PVS volumes in the BG (B=0.19%, 
SE=0.065%, p = 0.0032) and CSO (B=0.18%, SE=0.042%, 
p < 0.0001), and in the PVS counts in the CSO (B=− 0.034 counts/ml, 
SE=0.016 counts/ml, p = 0.034), and the effect of lacunes in the PVS 
volumes in the BG (B=0.13%, SE=0.038, p = 0.0012). 

Fig. 8 shows the correlation between visual scores and PVS mea
surements from T1W and T2W images. While visual scores highly 
correlated with PVS volumes assessed from both T1W and T2W images, 
they did not correlate with PVS counted in the BG when these were 
assessed from T1W images (Fig. 8A). Histograms of visual scores were 
more similar to those from computational measurements from T1W and 
T2W in the CSO (Figs. 8B and D) than in the BG (Figs. 8A and C). 

The well-known associations between PVS burden and age, hyper
tension and WMH were reproduced only using the measurements from 
T2W images. Measurements from T1W yielded inconsistent results 
(Table 5). 

4. Discussion 

The present study uses structural MRI from patients with small vessel 
disease, known to be associated with PVS burden (Francis et al., 2019), 
and characterised by the coexistence of several features that can 
confound the computational assessment of PVS (Wardlaw et al., 2013), 
to evaluate the robustness and accuracy of a state-of-the-art PVS seg
mentation scheme that uses a Hessian-based filter to enhance vessel-like 
structures. 

4.1. Influence of threshold and normalisation strategy 

Our results indicate that the PVS segmentation method evaluated is 
relatively insensitive to normalisation strategies, and to inter-observer 
differences in selecting the threshold to be applied to the response of 
the vesselness filter. However, BG and CSO ROIs require different 
thresholds, which need to be independently and carefully selected. It 
must be pointed out that the evaluation of the threshold selection used 
only T2-weighted images. Sepherband et al. (2019) proposed to combine 
T2W with T1W images in an approach that pre-filters these images using 
an adaptive non-local mean technique to precisely increase robustness 
against noise, and enhance PVS vs. background contrast prior to 
applying the Frangi filter. Barnes et al. (2022) segment PVS within white 
matter hyperintensities using a combination of T2W and FLAIR images 
after both being corrected for bias-field inhomogeneities and their in
tensities being normalised, also to enhance filter response. Thus, the 
results presented here, instead of raising questions about their 

Fig. 5. Correspondence between regional density of PVS counted on T2W and regional density when PVS are counted on T1W excluding PVS in WMH (A) and 
including PVS in WMH (C). 
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applicability when these other multi-sequence approaches are used, 
reinforce the confidence in the approach that thresholds the Frangi filter 
output for segmenting PVS. Ultimately, the threshold selection always 
will be influenced by the contrast between foreground (i.e., enhanced 
tubular structures, likely to be PVS) and background (normal or 
abnormal brain tissue): the higher the contrast, the wider the range of 
suitable thresholds. 

Our approach of systematic visual optimisation of the threshold to 
increase the fidelity in the PVS segmentation in absence of visual scores 
is unique, given the usual standard of mathematical and computational 
approaches for optimising filter responses (Ballerini et al., 2018; Choi 
et al., 2020; Zhang et al., 2017). Although it is limited by its 
time-consuming nature and the likelihood of intra-observer variability, 
its primary advantage relies in the results systematically achieved, 
which allow further experimental validation. 

4.2. Influence of noise and artefacts 

It is known that the presence of pathologies and imaging artefacts 
greatly influences the image contrast and therefore the optimum 
threshold for the task at hand. Previous attempts at improving PVS 
segmentation have mainly focused on either optimising filter parame
ters (Ballerini et al., 2016; Ballerini et al., 2018), or the acquisition 
quality in both pre- (Bernal et al., 2020; Bernal et al., 2021) and 
post-processing phases (Sepehrband et al., 2019). While these studies 

have considered the burden of pathology for optimising the PVS seg
mentation protocols, and some have proposed solutions to increase 
image quality, practical solutions to segment PVS in noisy images have 
not been proposed. Our analyses suggest the appropriateness of first 
classifying the scans in noisy and clean prior to PVS segmentation, and, 
afterwards, optimise vesselness likelihood thresholds in noisy and clean 
scans separately. 

The fact that the Frangi filter often segments a larger region as PVS 
compared to the Jerman filter presents an interesting conundrum when 
determining the more suitable filter. While this does occasionally result 
in nearby PVS being incorrectly combined, it also conversely reduces 
fragmentation, a much greater problem. This would also provide more 
accurate measures of PVS volume, another variable that is currently of 
great interest and is being investigated for its clinical associations 
(Ballerini et al., 2020). The difficulties the Jerman filter faces seg
menting low-intensity PVS and PVS of a high burden is unsurprising, 
given its approach of normalising the vesselness response in a ROI ac
cording to its maximum value. Therefore, if this maximum value is 
particularly greater than the mean (for example in areas of high PVS 
burden), many low contrast structures will not be detected. This prob
lem is also compounded by the, very small and few but nevertheless 
existent, flaws in ROI masking, as incorrectly segmented PVS in ventricle 
borders and sulci have a much greater vesselness response than true PVS 
due to their particularly high intensity and contrast, skewing the 
maximum vesselness response and therefore increasing the contrast 

Fig. 6. Bland-Altman plots of the agreement between regional densities of PVS counted on T2W and. PVS counted on T1W excluding PVS in white matter 
hyperintensities (A) and including them (C). Bland-Altman plots of the volumetric agreement between PVS assessed on T2W and PVS assessed on T1W excluding PVS 
in white matter hyperintensities (B) and including them (D). NAWM: normal-appearing white matter. Equations described linear tendencies, and mean differences 
between measurements with confidence intervals are given for each analysis in BG (orange) and CSO (blue). 
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threshold at which structures are determined to be PVS. We also 
observed that vesselness likelihood thresholds of different filters are 
based on entirely different scales and have non-linear effects. During 
visual optimisation, the Jerman filter was found to be more sensitive to 
threshold adjustments than the Frangi filter. Future optimisations of the 
Jerman filter are therefore necessary to allow a fair judgement to be 
made. 

4.3. Use of T1-weighted vs. T2-weighted sequences 

In the sample analysed here, PVS assessment in T1W yielded surro
gate PVS measurements. This is because PVS measures on T1W images 
are confounded e.g. by mineral deposition and vessel calcification, 
particularly in the BG, T1W signal is also affected by WMH, and is less 
sensitive to small PVS than T2W images. It is possible that a younger and 
healthier sample, where BG mineral and vessel calcification are less 
prevalent, might be less affected by this problem. On the other hand, a 
main interest in PVS is their role in ageing and neurodegeneration, 

meaning that accurate reliable PVS measurement in older people with 
brain pathology is important. 

Caution is, therefore, recommended if PVS measurements from T1W 
and T2W are to be analysed together (e.g. in meta-analyses), because 
PVS computational measurements from these two imaging sequences do 
not necessarily reflect the same type of features. More research is needed 
to find ways to reduce the effect of potential confounds on PVS mea
surements where T1W is the only sequence available. Meantime, studies 
using T1W imaging to measure PVS should be aware of the limitations of 
sensitivity and the potential confounds when drawing conclusions on 
PVS associations with demographic, clinical or cognitive variables. 

4.4. Strengths, limitations and future work 

On a large and representative sample of individuals with small vessel 
disease and, therefore, potentially confounding pathological features, 
we have evaluated a state-of-the-art PVS segmentation method to inform 
recommendations on their implementation and usage, and document its 

Fig. 7. Example of PVS segmentation results on T1W and the correspondent T2W images with insets highlighting confounding areas with calcifications in the basal 
ganglia. A coronal, sagittal and axial slices without and with the PVS segmentations overlaid on the correspondent sequence (green: left basal ganglia, red: right basal 
ganglia, indigo: right centrum semiovale, magenta: left centrum semiovale, in the panel above), and three consecutive axial slices of the susceptibility-weighted 
image from the same patient showing the mineralisation in the basal ganglia (panel below). 
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performance on common situations: inter-observer differences, different 
image normalisation strategies, lack of the ideal sequence for identifying 
PVS, and variations in image quality. Table 6 summarises our main 
recommendations for best practices in the application of this method, 
and for achieving relatively robust and high-quality results in the 
STRIVE-2-recommended scenario (i.e., PVS identification in T2- 
weighted images). 

Despite emerging deep learning schemes having shown encouraging 
results (i.e., critically reviewed in Pham et al., 2022), the widespread 
application of such advanced artificial intelligence (AI) methods is still 

hampered by well-known difficulties in which the international com
munity of computer scientists is still working, namely a) under
performance in out-of-distribution samples, b) incorporation of a 
meaningful measure of uncertainty in the results, c) heterogeneity and 
inadequateness of the loss functions used, d) lack of an optimal quality 
measure for their evaluation, e) lack of interpretability of the wrong 
outputs, for just mentioning a few. This confers to the method evaluated, 
and, therefore, to our analyses, long-lasting validity in the clinical 
research if PVS are to be assessed. However, still exist both false posi
tives and false negatives in PVS segmentations, meaning that 

Fig. 8. Spearman rank cross-correlations between PVS visual scores (VR) and PVS counts/ml (i.e., T1den, T2den) in basal ganglia (A), centrum semiovale (B), PVS 
volume (i.e., T1vol, T2vol) as % in basal ganglia volume (C), and PVS volume (i.e., T1vol, T2vol) as % in centrum semiovale volume (D). 

Table 5 
Results from exploring known associations between PVS and age, PVS and hypertension, and PVS and WMH for measurements from T1W and T2W (adjusting also for 
sex, high cholesterol and smoking) (n = 217).  

Parameter (outcome variable) Age Hypertension WMH (total Fazekas) 

B SE p- value B SE p-value B SE p-value 

BG PVS vol (T1W)  -0.008  0.0097  0.42  0.68  0.22  0.002  0.51  0.070  < 0.0001 
BG PVS vol (T2W)  0.069  0.012  < 0.0001  1.08  0.26  < 0.0001  0.57  0.083  < 0.0001 
BG PVS dens (T1W)  0.0021  0.0017  0.22  0.083  0.038  0.030  -0.004  0.012  0.74 
BG PVS dens (T2W)  0.021  0.0042  < 0.0001  0.27  0.094  0.0042  0.11  0.030  0.0002 
CSO PVS vol (T1W)  0.0025  0.0065  0.70  0.20  0.14  0.17  0.36  0.047  < 0.0001 
CSO PVS vol (T2W)  0.077  0.015  < 0.0001  0.33  0.33  0.32  0.49  0.10  < 0.0001 
CSP PVS dens (T1W)  0.0050  0.0025  0.045  0.11  0.055  0.049  0.0019  0.018  0.91 
CSO PVS dens (T2W)  0.040  0.0058  < 0.0001  0.27  0.13  0.035  0.10  0.041  0.012  
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encouraging statistical results are not necessarily indicative of good 
segmentation, given that they can effectively cancel each other out in 
PVS counts. Ultimately, visual validations are likely to remain impor
tant, even on a subsample if datasets are large, to prevent any misleading 
statistical results. Important aspects are yet to be investigated thor
oughly: equivalency between assessments that use images acquired at 
different magnetic field strengths (e.g., 1.5 T vs. 3 T and 7 T), accuracy 
in longitudinal measurements at individual and group levels, and cor
respondence between results from images acquired at different spatial 
resolutions (i.e., 3D vs. 2D). 
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Table 6 
Summary of main recommendations.  

Topic Recommendation 

Image normalisation Normalise the image intensities of the whole 
brain-extracted image prior to the application 
of the vesselness filter (i.e., excluding skull 
and extra-cranial tissues, but including 
cerebrospinal fluid-filled regions). Adding 
post-filtering normalisation confers robustness 
to threshold selection against inter-observer 
variations. 

Threshold adjustment Threshold the (vesselness) filter responses 
separately in each region of interest (ROI) (i. 
e., basal ganglia and centrum semiovale) 

Base MRI sequence T2W is the preferred sequence to segment 
PVS. Although this method (as described) is 
vulnerable to elongated focal T2W 
hyperintensities of other nature, PVS 
segmentations in T1W may be corrupted by 
additional confounding pathology (i.e., vessel 
calcifications) for which this method is not 
discriminatory. 

Presence of noise Identify noisy images prior to segmenting PVS, 
as differential thresholding per ROI depending 
on image quality is necessary (i.e., for example 
for T2W images: low quality – higher 
thresholds; high-quality – comparatively 
lower thresholds in general) 

Parameters to identify noisy T1W 
and T2W images (from mriqc) 

Entropy Focus Criterion, Mortamet’s quality 
indexes, Signal to Noise Ratio (SNR) in tissue, 
Dietrich’s SNR, and summary stats for 
background. For T2W images, additionally, 
white-matter to maximum intensity ratio, and 
Intensity Non-Uniformity 
(see considerations inSupplementary 
material) 

Hessian-based vesselness filter The Frangi filter is preferred over the Jerman 
filter. Although both filters lead to similar 
results, the Frangi filter has more degrees of 
freedom that one can leverage to be more or 
less strict on what could be a PVS 
morphologically-speaking and what is not. 

Discrimination from lacunes In addition to the optimisation of the 
vesselness filter parameters, apply k-means 
clustering to large elongated clusters to 
separate clustered PVS.  

M.C. Valdés Hernández et al.                                                                                                                                                                                                                



Journal of Neuroscience Methods 403 (2024) 110037

14

Association Garfield Weston Foundation Senior Clinical Lectureship 
(FND) (TSALECT 2015/04); NHS Research Scotland (FND); Stroke As
sociation Post-Doctoral Fellowship (SW) (SAPDF 18/100026); British 
Heart Foundation Edinburgh Centre for Research Excellence (RE/18/5/ 
34216); NHS Lothian Research and Development Office (MJT); Alz
heimer’s Netherlands (ACCJ); Chief Scientist Office of Scotland Clinical 
Academic Fellowship (UC) (CAF/18/08); Stroke Association Princess 
Margaret Research Development Fellowship (UC) (2018). The 3 T MR 
scanner is funded by the Wellcome Trust (104916/Z/14/Z), Dunhill 
Trust (R380R/1114), Edinburgh and Lothians Health Foundation 
(2012/17), Muir Maxwell Research Fund and the University of 
Edinburgh. 

Appendix A. Supporting information 

Supplementary data associated with this article can be found in the 
online version at doi:10.1016/j.jneumeth.2023.110037. 

References 

Aribisala, B.S., Riha, R.L., Valdes Hernandez, M., Muñoz Maniega, S., Cox, S., 
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