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A B S T R A C T   

Rationale and objectives: To develop a method for automatic localisation of brain lesions on head CT, suitable for 
both population-level analysis and lesion management in a clinical setting. 
Materials and methods: Lesions were located by mapping a bespoke CT brain atlas to the patient’s head CT in 
which lesions had been previously segmented. The atlas mapping was achieved through robust intensity-based 
registration enabling the calculation of per-region lesion volumes. Quality control (QC) metrics were derived 
for automatic detection of failure cases. The CT brain template was built using 182 non-lesioned CT scans and an 
iterative template construction strategy. Individual brain regions in the CT template were defined via non-linear 
registration of an existing MRI-based brain atlas. 
Evaluation was performed on a multi-centre traumatic brain injury dataset (TBI) (n = 839 scans), including 
visual inspection by a trained expert. Two population-level analyses are presented as proof-of-concept: a spatial 
assessment of lesion prevalence, and an exploration of the distribution of lesion volume per brain region, 
stratified by clinical outcome. 
Results: 95.7% of the lesion localisation results were rated by a trained expert as suitable for approximate 
anatomical correspondence between lesions and brain regions, and 72.5% for more quantitatively accurate es
timates of regional lesion load. The classification performance of the automatic QC showed an AUC of 0.84 when 
compared to binarised visual inspection scores. The localisation method has been integrated into the publicly 
available Brain Lesion Analysis and Segmentation Tool for CT (BLAST-CT). 
Conclusion: Automatic lesion localisation with reliable QC metrics is feasible and can be used for patient-level 
quantitative analysis of TBI, as well as for large-scale population analysis due to its computational efficiency 
(<2 min/scan on GPU).   

1. Introduction 

TBI is one of the leading causes of disability and death globally, with 
CT remaining the gold standard imaging modality for its initial assess
ment and treatment guidance [1,2]. 

While space occupying characteristics of lesions are recognised to be 
of prognostic significance on several scoring systems [3], current ap
proaches at volumetric lesion measurements such as ABC/2 score [4] are 

often inaccurate for traumatic hematomas, challenging to perform in the 
clinical setting and extremely time-consuming when looking at 
large-scale datasets [5]. Accurate calculation of injury burden via 
automatic volumetric measurements and location may help provide 
valuable information for patient management, and research, enabling 
for example stratification of patients in clinical trials [6]. 

Several computational methods have been developed to automati
cally quantify and characterise different lesion types, in order to develop 
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a more reliable and time-efficient pipeline for the assessment of acute 
TBI CT scans and to inform prognosis models [7,8]. 

However, the clinical utility of only providing overall lesion volume 
information is limited, as the spatial distribution of lesions has been 
shown to be relevant in the context of head lesion disorders [9], and 
significantly correlated to functional outcome [10–13]. Isokuortti et al. 
[14] examined the distribution of subdural haematomas, subarachnoid 
haemorrhages and contusions in a representative sample (n = 3023) of 
CT scans from TBI patients. This analysis was non-automated and only 
classified a lesion as frontal, parietal, temporal, or occipital. To the best 
of our knowledge, most of past studies have either addressed TBI lesion 
location qualitatively [10,15,16], in a non-automated fashion [17], or 
were focused on other conditions [11,13,18]. For example, Ernst and 
colleagues [13] used atlas registration to calculate the overlap of 
ischemic stroke lesion volume with each brain region. 

In this study we propose a processing pipeline for automated local
isation and spatial association of brain lesions in CT. In contrast with 
previous studies, the output of our tool includes the volume of lesion 
affecting each brain region, which can be calculated in subject-specific 
space, for clinical assessment of each patient, or in atlas space, for 
population-level analysis. A segmentation map, the total lesion and 
brain volume, and the lesioned occupied volume in 31 brain regions, are 
computed in less than two minutes per scan. The results were evaluated 
by visual inspection of the atlas mapping by a trained expert. We also 
propose quality control (QC) metrics that support the curation and 
analysis of large datasets and automatic detection of failure cases. 

The proposed lesion localisation approach was implemented as an 
extension of the Brain Lesion Analysis and Segmentation Tool for 
Computed Tomography (BLAST-CT, https://github.com/biomedia- 
mira/blast-ct/tree/master) [7], a deep learning-based method using 
convolutional neural networks for multiclass, voxel-wise segmentation 
and volumetric quantification of TBI lesions in CT. The original seg
mentation method classifies individual voxels as normal or abnormal 
tissue types. The proposed localisation component adds clinically 
important information about the location of pathology. To demonstrate 
the utility of this new tool for population-level analysis, a 
proof-of-concept spatial assessment of lesion prevalence was conducted, 
as well as an exploration of the distribution of lesion volume per brain 
region, stratified by clinical outcome. 

2. Materials and methods 

2.1. Datasets and procedures 

The CT data used for this study were collected as part of the 
Collaborative European Neuro Trauma Effectiveness Research in TBI 
study (CENTER-TBI, NCT02210221) [19]. Patients were recruited at 65 
different centres, in 18 countries, between Dec 9, 2014, and Dec 17, 
2017. Acquisition parameters were not standardised across sites. The 
present work makes secondary use of fully anonymised data, and no 
additional ethics approval was required. The work was compliant with 
the Health Insurance Portability and Accountability Act. 

The 1028 CT scans were divided into two datasets. Dataset 1 consists 
of 189 patients without abnormal findings and was used in the devel
opment of the lesion localisation method. Dataset 2 comprises 839 scans, 
acquired from 512 TBI patients with abnormal findings, and was used 
for validation, to evaluate the automatic QC of the pipeline and as part of 
the proof-of-concept population-level analyses. 

The processes used to obtain the lesion segmentations of the scans of 
Dataset 2 were described in detail in previous work [7]. Each lesion 
segmentation map included four classes: intraparenchymal haemor
rhages (IPH), which also includes small petechial haemorrhages; extra- 
axial haemorrhages (EAH): subdural haematomas, extradural haema
tomas, and traumatic subarachnoid haemorrhages; perilesional oedema; 
and intraventricular haemorrhages (IVH). 

2.2. CT template construction for lesion localisation 

Our lesion localisation approach makes use of a CT brain atlas which 
was specifically constructed as part of this work. Brain atlases have been 
used in previous registration-based pipelines for medical image seg
mentation. To reduce potential sources of registration error, an atlas 
should be as representative as possible of the images to be segmented 
[20]. While neuro-anatomical atlases are widely used in MRI-based 
studies [21], similar atlases for head CT are not readily available. 
Robustly registering pathological CT scans directly to an existing MRI 
atlas remains an open problem. It was thus important to remove the 
image modality gap and construct a bespoke CT brain atlas. 

Using the scans from Dataset 1, we employ an iterative template 
construction strategy [22]. Seven scans were excluded as processing 
consistently failed due to corrupt image headers. We performed seven 
iterations, four with affine registration and three with deformable 
registration. In each iteration, the 182 CT scans were registered to an 

Fig. 1. Flowchart of the full lesion localisation method. 1- Every native CT scan is registered to the CT template; 2- The inverse of the transformation calculated in 
step 1 is used to map the parcellated atlas to native patient space. 3- Relevant volumes are calculated from the overlap between the parcellated brain regions and each 
lesion segmentation map. Optionally, the brain atlas and the subject’s segmentation map can be registered to MNI space using the reversible non-linear trans
formation between our CT atlas and the MNI atlas, calculated during the CT template construction. This way the lesion volume values can be calculated from the 
overlap in a canonical neuroimaging space, which might be more suitable for population-level analysis. 
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intermediate template image obtained at the end of the previous itera
tion by averaging over all registered scans. This iterative process results 
in an increasingly sharp template image, which is used as a target in the 
next iteration. In the very first iteration, when there is no CT-based 
template available, we use an MRI-based T1-weighted MNI template 
[23] as target. The result of this process is a study-specific CT template 
image, corresponding to the average of the 182 registered CT scans. 

Subsequently, individual anatomical brain regions were defined in 
the CT template via a non-linear registration with the MRI-based MNI 
template, allowing the transfer of the fine-grained anatomical parcel
lations from an MNI-based atlas (construction process detailed in the 
appendix) to the CT template. The construction process of the parcel
lated MNI atlas is available in the appendix (p A). Due to the invertibility 
of the non-linear transformation, this also enables the transfer of infor
mation from the CT template space to the MNI space, which can be 
useful for population-level analysis. The registration parameters applied 
in all registration tasks described in this section are available in the 
appendix (p A). 

2.3. Lesion localisation in head CT scans 

Fig. 1 summarises the lesion localisation process: a patient CT scan is 
affinely registered to the CT template (1), and the inverse of this 
transformation is applied to map the anatomical brain parcellation back 
to the native patient space (2). Once in the same imaging space, the CT 
atlas brain regions and the lesion segmentation map can be overlayed 
and the volume of each lesion per brain region, the full volumes of the 
projected atlas regions and of the whole brain can be calculated (3). 
Additionally, the non-linear transformation between our CT atlas and 
the MNI atlas, which was established as part of the CT template con
struction, enables the mapping of the patient-specific lesion segmenta
tion maps back to MNI space for population-level analysis in a canonical 
neuroimaging space. 

The lesion localisation method was applied to all scans in Dataset 2, 
with four random seeds to increase the robustness of the initialisation of 
the registration algorithm, keeping the registration result that yields the 
highest image similarity between the registered patient scan and the CT 
template. This is measured as the correlation coefficient on image in
tensities. All final CT template registrations were visually inspected by a 
trained expert and rated with a score from 1 to 5. The scale was estab
lished based on the difficulty of aligning individual elements of the 
image. More specifically, the brain outline is the most straightforward 
component to align, followed by larger brain regions, and lastly, smaller 
and more variable regions such as ventricles. Accordingly, the scoring 
system was formulated as follows: a score of 1 indicating complete 
misalignment of the atlas; a score of 2, the misalignment of the brain 
outline; a score of 3, the alignment of the brain outline and most areas, 
while some significant areas, for instance, the ventricles or brainstem, 
remained misaligned; a score of 4 indicating satisfactory alignment of all 
regions, with minor misalignments; and a score of 5 implying excellent 
alignment. Results rated with a score of 3 or more were considered 
acceptable, as the general goal of this tool is to provide an approximate 
anatomical correspondence between lesions and brain regions, effec
tively and quantitatively, in order to enable further analysis. In studies 
that require accurate association of lesions and ventricles, a cut-off of 4 
should be considered. 

2.4. Quality control mechanisms 

For each registration of a patient scan, we calculate an intensity- 
based similarity metric (SM) which quantifies how well the images 
visually correspond and thus provides a proxy of registration quality 
without requiring any annotations. This offers an effective way for 
automatic quality control (QC) of the localisation performance. An SM 
threshold was empirically established, below which the result was 
considered to be sub-optimal. As an additional test of the SM ability to 

discriminate between good and bad results, the area under the curve 
(AUC) was calculated when comparing the SM values with the binarised 
visual quality scores (not acceptable: 1–2, acceptable: 3–5). 

Two additional empirical quality control rules were defined to 
facilitate the visual inspection of results and the flagging of potential 
failure cases. The outliers of the distribution of each brain region volume 
were identified, flagging scans that presented more than five outlier 
regions. Any scan with a volume of IVH higher than 1 mL localised 
outside the ventricles was also flagged as sub-optimal. 

2.5. Application use-case: Spatial analysis of lesion prevalence and lesion 
volume stratified by outcome 

To demonstrate the clinical utility of our lesion localisation compo
nent, the reference segmentations of Dataset 2 were used to create a 
prevalence map per lesion class, indicating how many subjects had a 
lesion volume higher than a defined threshold on each brain region. The 
minimum threshold applied should be 0.1 mL to exclude minor 

Table 1 
Cohort demographic and clinical information for both datasets used. Some 
percentages do not add up to 100 because of rounding. Count and percentages 
are presented for categorical variables while the median and corresponding 
range are used to describe continuous variables.   

Dataset 1 
(n = 189) 

Dataset 2 
(n = 512) 

Age(years) 55 (6–89) 58 (6–89) 
Biological sex   
Female 101 (53%) 163 (32%) 
Male 88 (47%) 349 (68%) 
Mechanism of injury —  
Acceleration or deceleration  111 (22%) 
Blow to head or hit object  77 (15%) 
Fall from height  208 (41%) 
Multi-mechanistic  99 (19%) 
Unknown  17 (3%) 
Glasgow Coma Scale —  
13–15 (Mild TBI)  299 (58%) 
9–12 (Moderate TBI)  57 (11%) 
9 (Severe TBI)  136 (27%) 
Missing values  20 (4%) 
Time from injury to first CT scan (h) — 2.0 (0.2–77.0) 
Repeat scan done — 412 (80%) 
Time from injury to second CT scan (h) — 19 (0.9–190.0) 
Interval between CT scans (h) — 16.0 (0.1–190.0) 
Marshall Score —  
I  120 (23%) 
II  234 (46%) 
III  29 (6%) 
IV  6 (1%) 
V  2 (<1%) 
VI  121 (24%) 
Lesion volume (mL) — 3.84 

(0.00–208.00) 
Presence of: —  
Epidural haematoma  54 (11%) 
Acute subdural haematoma  223 (44%) 
Traumatic subarachnoid haemorrhage  313 (61%) 
Intraventricular haemorrhage  88 (17%) 
Intraparenchymal haemorrhage  224 (44%) 
Cisternal compression  99 (19%) 
Midline shift > 5 mm  71 (14%) 
Extended Glasgow Outcome Scale at 6 

months 
—  

8 (Upper good recovery)  121 (24%) 
7 (Lower good recovery)  78 (15%) 
6 (Upper moderate disability)  67 (13%) 
5 (Lower moderate disability)  59 (12%) 
4 (Upper severe disability)  25 (5%) 
3 (Lower severe disability)  59 (12%) 
2 (Vegetative state)  0 (0%) 
1 (Death)  66 (13%) 
Missing values  37 (7%)  
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misalignments, as our methodology does not allow for voxel-level 
localisation accuracy. Furthermore, the distribution of the calculated 
lesion volumes per region was illustrated, stratifying by good (Extended 
Glasgow Outcome Scale (GOSE) > 7) and poor (GOSE < 7) patient 
outcome. 

3. Results 

3.1. Datasets 

Upon the registration of all scans of Dataset 2 to the CT template, 7 
scans were found to be corrupted and hence excluded. Table 1 shows the 
descriptive statistics for both datasets used. 

3.2. CT template construction for lesion localisation 

The first two columns of Fig. 2 show the evolution between the first 
and last iterations of the study-specific CT template construction, the 
latter having well-defined and visible anatomical structures. This final 
template was then registered to the MNI template (third column) and the 
result of the registration can be observed in the last column of Fig. 2, 
overlayed on the registration target (the MNI template). During the 
parameter optimisation process, a trade-off was found between 
achieving a satisfactory alignment of soft tissue or of the skull. The result 
shows a good ventricle alignment without significant skull deformation. 
Mitigating the slight discrepancy in overall brain size was deemed not a 
priority as the parcellated atlas regions were nonetheless dilated beyond 
the skull to ensure full coverage of the atlas across patient brains of 
different sizes, given that the CT atlas mapping to new patient scans is 
based on affine transformations. 

3.3. Alignment of the parcellated atlas to native scans 

The table in Fig. 3a) shows the percentage of scans manually rated 
from 1 to 5. The sub-figure b) includes SM boxplots grouped by each 
rating value. The strip plots per rating value aim to show the distribution 
of scans with reasonably large lesions (over 10 mL) for each rating value 
and over the SM range. The AUC when using the SM to separate samples 
in terms of acceptable results was found to be 0.84. Finally, sub-figure c) 
shows one example classified with each intermediate rating score, 
providing a better understanding of the visual criteria used when rating 
the results. Fig. 4 shows six results of the atlas mapping from Dataset 2. 
As it is based on affine registration, our tool is not always able to 
compensate for the level of distortion caused by some severe lesions, as 
it is the case of Patient 4, whose top right ventricle was collapsed by the 
lesion. However, it is capable of dealing with anatomical asymmetries 
(e.g., the ventricles of Patient 2). 

3.4. Quality control mechanisms 

The SM threshold was set to 0.65, which led to the identification of 
96 sub-optimal results. Additionally, 12 scans were flagged due to 
having regions with outlier volumes and 16 scans had more than 1 mL of 
IVH outside of the ventricles. 

3.5. Application use-case: Spatial analysis of lesion prevalence and lesion 
volume stratified by outcome 

Fig. 5 shows the prevalence maps for every lesion class, all thresh
olded at 0.1 mL. The prevalence values per brain region for both 
thresholds 0.1 mL and 1 mL are included in the Appendix (Table B.1.1). 
Only 3 subjects had a volume of IVH higher than 1 mL localised in re
gions outside the ventricles. This indicates that although 68 patients 

Fig. 2. Initial and final CT template, i.e. resulting from the 1st and 7th iteration of the template construction process. The final template is then non-linearly 
registered to the MNI MRI template. The result of this CT-to-MNI registration is shown as the orange contour, overlaid on the MNI template image for verifica
tion of anatomical correspondence. This transformation was then used to map the brain regions, originally parcellated in MNI space, to the CT template space. 

C. Piçarra et al.                                                                                                                                                                                                                                 



European Journal of Radiology Open 10 (2023) 100491

5

have a significant volume (>0.1 mL) of IVH in the surrounding regions 
of the ventricles, for 65 patients this volume ranges between 0.1 mL and 
1 mL. 

The distribution of the volumes calculated within each brain region, 
for all lesion classes and stratified by outcome, is shown in Fig. 6. Clear 
differences can be seen in the total lesion volume, as shown in the first 
boxplot of each subplot. However, such aggregation might miss relevant 
differences in individual regions that may be clinically relevant. Our tool 
allows for a more detailed assessment of which regions these differences 
come from. 

4. Discussion 

In this study, we proposed a registration-based approach for local
isation of brain lesions on head CT scans using a bespoke CT template. 
The approach was tested on a large multicentre dataset, with a wide 
range of ages and a majority of mild TBI cases, representing the clinical 
reality of TBI prevalence [24]. 

We found that this tool could be used for patient-level spatial 

volumetric analysis of head lesions, with 95.7% of results rated by a 
trained expert as suitable for approximate anatomical correspondence 
between lesions and brain regions (rating ≥ 3), and 72.5% to obtain 
more quantitatively accurate estimates of regional lesion load (rating ≥
4). 

The establishment of several QC metrics, along with the time effi
ciency that affine registration allows, make this a suitable tool for 
population-level analysis in large-scale research studies. Besides the two 
potential population-level use cases presented, our tool could also be 
used to perform an appraisal of lesion segmentation tools and identify 
potential biases, by analysing the spatial distribution of its errors. 

The AUC when using the SM to discriminate between good and poor 
results (i.e., results rated with higher and lower scores) was found to be 
0.84. However, when only considering scans with accurate alignment of 
all regions as acceptable (rated 4 or 5), this AUC decreases to 0.61. This 
demonstrates that although the SM might be a considerably effective 
way to classify the overall quality of the atlas mapping results, it is not 
precise enough to translate errors in smaller regions such as the ven
tricles, likely due to the lack of physical significance of this metric. 

Fig. 3. a) Count and percentage of results rated from 1 to 6. 1: Atlas completely misaligned; 2: Brain outline misaligned; 3: Brain outline and most regions aligned but 
relevant regions misaligned, e.g., ventricles or brainstem; 4: Acceptable alignment of all regions; 5: Good alignment; 6: Perfect alignment. b) Distribution of SM 
grouped by rating attributed by a trained expert. Each point on the strip plots per rating value represents a scan with a true total lesion volume over (orange) or under 
(blue) 10 mL; c) Atlas alignment of three examples, rated with 2, 3 and 4. Red arrows indicate the atlas misalignment features characteristic of each rating score. 
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Fig. 4. Qualitative atlas mapping results from Dataset 2, with corresponding manual score and SM value. Images in neurological orientation. Lesion map prediction 
(from BLAST-CT) colour legend: Red - IVH; Purple - IPH; Yellow - Oedema; Light blue – EAH. 
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Therefore, it might be important to pair this metric with the third one 
mentioned above, i.e., excluding scans with a volume of IVH located 
outside of the ventricles, or even with a significant volume of IPH, EAH 
or oedema inside the ventricles, both situations which would be 
anatomically implausible. 

A limitation of this study is its reliance on a sole trained expert to 
manually assess the findings. To evaluate observer variability, further 
validation is required in future work, particularly given the unavail
ability of other quantitative evaluation metrics (e.g. dice scores) due to 
the lack of reference brain region segmentations. 

The spatial distribution of IPH, as well as the presence of underlying 
EAH and oedema, have been shown to be correlated with outcome and 
lesion progression [10,25]. However, most studies on this topic have 
solely used either a dichotomous variable to indicate presence or the 
volume in each brain lobe. The finer grain localisation enabled by our 
tool, as well as the possibility to use any anatomical atlas, may provide 
important new insights that were previously unavailable at a population 
level. 

It was shown that, although this pipeline is subject to the limitations 
of affine registration, not allowing for voxel-level precision and being 
subject to registration errors that are challenging to measure precisely, it 
can localise lesions accurately even in considerably deformed scans. It is 
therefore suitable for further guidance of patient-specific volumetric 

assessment of TBI lesions in clinical settings, facilitating diagnosis, 
treatment, and prognosis decisions. Future work might focus on the 
integration of a partial deformable registration, for regions of chal
lenging alignment, as well as on the creation of a patient-specific report 
that translates the outcomes of our algorithm in a clinically meaningful 
way. Our pipeline is integrated into a publicly available lesion seg
mentation tool (https://github.com/biomedia-mira/blast-ct/tree/mas
ter). We hope this will encourage researchers to use the method more 
extensively and thereby provide further evidence of its clinical utility. 
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Fig. 6. Per-class boxplots of lesion volume localised in the whole brain and each brain region, stratified by outcome. Volumes calculated from reference segmentation 
maps of Dataset 2 scans, excluding sub-optimal cases. 
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