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Abstract 

Background:  As the spatial resolution of positron emission tomography (PET) scan-
ners improves, understanding of radiotracer distributions in tissues at high resolu-
tions is important. Hence, we propose a method for co-registration of high-resolution 
ex vivo specimen PET images, combined with computed tomography (CT) images, 
and the corresponding specimen histopathology.

Methods:  We applied our co-registration method to breast cancer (BCa) specimens 
of patients who were preoperatively injected with 0.8 MBq/kg [ 18F]fluorodeoxyglu-
cose ([18F]FDG). The method has two components. First, we used an image acquisition 
scheme that minimises and tracks tissue deformation: (1) We acquired sub-millimetre 
(micro)-PET-CT images of ±2 mm-thick lamellas of the fresh specimens, enclosed 
in tissue cassettes. (2) We acquired micro-CT images of the same lamellas after formalin 
fixation to visualise tissue deformation. (3) We obtained 1 hematoxylin and eosin (H&E) 
stained histopathology section per lamella of which we captured a digital whole slide 
image (WSI). Second, we developed an automatic co-registration algorithm to improve 
the alignment between the micro-PET-CT images and WSIs, guided by the micro-
CT of the fixated lamellas. To estimate the spatial co-registration error, we calculated 
the distance between corresponding microcalcifications in the micro-CTs and WSIs. 
The co-registered images allowed to study standardised uptake values (SUVs) of differ-
ent breast tissues, as identified on the WSIs by a pathologist.

Results:  We imaged 22 BCa specimens, 13 cases of invasive carcinoma of no special 
type (NST), 6 of invasive lobular carcinoma (ILC), and 3 of ductal carcinoma in situ 
(DCIS). While the cassette framework minimised tissue deformation, the best align-
ment between the micro-PET-CT images and WSIs was achieved after deformable 
co-registration. We found an overall average co-registration error of 0.74 ± 0.17 mm 
between the micro-PET images and WSIs. (Pre)malignant tissue (including NST, ILC, 
and DCIS) generally showed higher SUVs than healthy tissue (including healthy glandu-
lar, connective, and adipose tissue). As expected, inflamed tissue and skin also showed 
high uptake.

Conclusions:  We developed a method to co-register micro-PET-CT images of sur-
gical specimens and WSIs with an accuracy comparable to the spatial resolution 
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of the micro-PET images. While currently, we only applied this method to BCa speci-
mens, we believe this method is applicable to a wide range of specimens and radi-
otracers, providing insight into distributions of (new) radiotracers in human malignan-
cies at a sub-millimetre resolution.

Keywords:  Co-registration method, High-resolution (micro-)PET-CT, Histopathology, 
Radiotracer distributions, Breast cancer SUVs

Background
Positron emission tomography (PET) and computed tomography (CT) have become 
widely adopted in oncology [1, 2]. In PET, different types of radiotracers can be used to 
visualise various tissue characteristics. In order to correctly interpret PET images, we 
need to understand how radiotracers distribute in different types of tissue. As the cor-
relation of PET images with histopathology is complex, distribution mechanisms are still 
unclear, even for [ 18F]fluorodeoxyglucose ([18F]FDG), one of the most common radi-
otracers in oncology [3]. As the spatial resolution of PET scanners is improving, nuclear 
medicine will soon encounter radiotracer distributions at unprecedented resolutions. 
Hence, we need to improve our understanding of the distribution of existing and new 
radiotracers in both cancerous and healthy tissue at high resolutions.

In order to study radiotracer distributions in different tissues, an accurate correlation 
of PET-CT images with histopathology is required. Published methods perform co-reg-
istration between in  vivo PET-CT images and histopathology slices of the tissue after 
surgical resection. Examples are the methods introduced by Schiller et al. [4] and Puri 
et al. [5, 6] to perform co-registration for the prostate and head and neck region, respec-
tively. Existing methods have several limitations [7]. First, most methods need exten-
sive tissue processing to achieve a match of orientation and cut between PET-CT images 
and histopathology [7]. For example, Schiller et al. [4] use special embedding and cutting 
equipment to obtain parallel, contiguously cut, and whole-slice histopathology images of 
the prostate. This limitation was previously addressed by Puri et al. [5, 6], who developed 
a method to co-register in vivo PET-CT images of the head and neck region with his-
topathology slices obtained in routine pathology settings. Second, previously published 
mathematical co-registration algorithms often rely on minimising the distance between 
hand-picked pairs of landmarks in the PET-CT and histopathology images [5, 7]. This 
method is prone to error and sampling bias [8]. Other groups make use of fiducial mark-
ers (e.g., laser burns or ink spots) which lead to tissue damage and information loss [5, 9, 
10]. Due to these challenges, existing co-registration methods remain time-consuming 
and labour-intensive, resulting in small patient cohorts [4, 5, 7]. Additionally, almost all 
publications focus on firm tissues that retain their shape after resection, such as prostate 
or laryngeal tissue [4, 5, 7]. Correlation is more challenging for soft tissue, such as breast 
tissue, which is prone to deformation during histopathological processing.

To overcome these challenges, we developed a novel strategy to co-register high-
resolution ex vivo PET-CT images with histopathology whole slide images (WSIs). We 
used a dedicated specimen scanner to capture sub-millimetre (micro-)PET-CT images 
of resected tissue. Acquiring ex vivo PET-CT images enables maintaining control over 
tissue deformation, making correlation with histopathology more straightforward. 
Another advantage of ex  vivo tissue scanning is the opportunity to achieve a higher 
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spatial resolution compared to in vivo scanning, allowing to study radiotracer uptake in 
tumour and healthy tissue at a sub-millimetre resolution. Several groups already showed 
that it is feasible to acquire ex vivo (micro-)PET-CT images of oncological specimens in 
skin [11], breast [12, 13], ovarian [14], prostate [15, 16], head and neck [17, 18], thyroid 
[19], pancreatic [20], colon [21, 22], liver [22], and lung [23, 24] cancer. While several 
groups correlated the ex vivo PET-CT imaging results with histopathology, an accurate 
and systematic approach for co-registration is lacking [12, 15, 17, 18, 21, 23]. In previous 
work by Debacker et al., we already performed co-registration between autoradiographs 
of resected human tissue and the corresponding histopathology [17]. However, we did 
not succeed in directly linking ex  vivo micro-PET images with histopathology due to 
tissue degradation and repositioning caused by the process required to fixate and slice 
the tissue for histopathological analysis. In this work, we addressed these limitations and 
developed a co-registration method that minimises, tracks, and compensates for tissue 
deformation. Our method to accurately align micro-PET-CT images of resected tissue 
with the corresponding histopathology is inspired by the work of de Boer et al. [8], who 
performed co-registration of optical measurements of breast tissue with histopathology.

As an example application, we evaluated the proposed co-registration method in 
breast cancer (BCa). We aligned [ 18F]FDG micro-PET-CT images of resected BCa speci-
mens with the corresponding histopathology and used the co-registered images to study 
the standardised uptake values (SUVs) of different types of breast tumours at a sub-mil-
limetre resolution. PET currently has a limited role in BCa diagnosis as its sensitivity 
depends on the lesion’s size and histology [25–28]. It is especially difficult to detect cases 
of ductal carcinoma in situ (DCIS) and invasive lobular carcinoma (ILC), as these breast 
tumours generally show lower uptake compared to a case of invasive carcinoma of no 
special type (NST) [25–28]. By improving our understanding of radiotracer distributions 
in breast lesions at a sub-millimetre resolution, we get insight into whether improvement 
in the resolution of PET scanners will enhance the visualisation of BCa in the future.

Methods
Co‑registration method

The proposed method consists of two components. First, a strict scheme is followed to 
acquire micro-PET-CT images of resected oncological specimens, such that, later on, 
these micro-PET-CT images can easily be correlated with the corresponding histopa-
thology sections. Second, to improve the alignment of both imaging modalities, an auto-
matic mathematical co-registration algorithm is developed and applied.

Image acquisition scheme

We propose an image acquisition scheme to obtain micro-PET-CT images of surgi-
cally resected specimens of patients preoperatively injected with a PET radiotracer. 
This scheme, that minimises and tracks tissue deformation, consists of different steps: 
(1) After surgical resection, a pathologist slices the obtained specimen into ±2  mm-
thick lamellas. (2) These lamellas are enclosed in standard meshed tissue cassettes. (3) 
Micro-PET-CT images of the cassettes containing the fresh tissue lamellas are acquired. 
(4) The tissue is fixated in a buffered formalin solution for at least 12 h. (5) Micro-CT 
images of the fixated lamellas are acquired to visualise the tissue deformation caused by 
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the fixation process. (6) The tissue is embedded in paraffin. (7) A ±5 μm-thin section is 
cut from each paraffin block, parallel to the ground plane of the cassette. These tissue 
sections are mounted on glass slides and coloured using hematoxylin and eosin (H&E) 
staining. (8) Finally, digital WSIs are obtained from these pathology slides using a slide 
scanner. All required tissue processing steps are part of the standard-of-care procedure 
for most tumour specimens. The only adaptation is that the surgical specimen needs to 
be sliced while it is still fresh, which is not standard practice in all pathologies. Figure 1 
visualises this image acquisition scheme in case of a BCa specimen. However, the pro-
posed method can be applied to any surgically resected cancer specimen.

Mathematical co‑registration algorithm

While the acquisition scheme minimises tissue deformation, tissue fixation and sec-
tioning will still cause local deformations. To compensate for this, we perform iterative 
mathematical co-registration of the micro-PET-CT images of the fresh lamellas and the 
corresponding WSIs. The micro-CT images of the fixated lamellas are used to guide 
this algorithm. As illustrated in Fig. 2, we apply the following four-step co-registration 
algorithm: 

	 I.	 Co-register the micro-CTs of the fresh and fixated lamellas First, we compen-
sate for tissue deformation caused by fixation. We define the transformation that 
aligns the 3D micro-CT of a fresh lamella (moving image) with the 3D micro-CT 
of the same lamella after fixation (fixed image). For this step, a free-form B-spline 
deformation model is used to account for possibly non-uniform deformation due 
to differences in tissue composition. As tissue densities slightly change during fixa-
tion, the normalised correlation coefficient (NCC) is a suited metric to match both 
micro-CT images.

	II.	 Select the micro-CT slice of the fresh lamella that matches the WSI As a sec-
ond step, we select one slice of the transformed micro-CT image from step I that 

Fig. 1  Illustration of the proposed image acquisition scheme for a breast cancer specimen. (1) Specimen 
is sliced into ±2 mm-thick lamellas. (2) Fresh lamellas are enclosed in tissue cassettes and (3) micro-PET-CT 
images of the fresh tissue are acquired. (4) Lamellas are fixated in formalin and (5) micro-CT images of the 
fixated tissue are acquired. (6) Lamellas are embedded in paraffin. (7) ±5 μm-thin tissue sections are cut, 
mounted on glass slides, and coloured using a hematoxylin and eosin (H&E) staining, and (8) digital whole 
slide images (WSIs) are captured from these pathology slides
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matches the WSI. The micro-CT is a 3D image of a tissue lamella, while the WSI 
is a 2D image of a thin section cut from that lamella after paraffin embedding. We 
match the WSI with a slice of the transformed micro-CT resulting from step I, 
assuming that most tissue deformation occurs during fixation, not paraffin embed-
ding. We treat the micro-CT as a stack of 2D slices parallel to the cassette surface, 
with a slice thickness equal to the voxel size of the micro-CT. For every micro-
CT slice, we perform an affine co-registration with the WSI, with the normalised 
mutual information (NMI) as a metric. To express the match of the tissue compo-
sitions and shapes in both images, the sum of the NMI and the Sørensen dice simi-

Fig. 2  Illustration of the four-step co-registration algorithm
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larity coefficient (DSC) is calculated. The micro-CT slice with the highest score 
after affine co-registration is selected.

	III.	 Co-register the selected micro-CT slice and the WSI As a third step, the selected 
micro-CT slice (moving image) is co-registered with the WSI (fixed image). As rec-
ommended by Albers et al. [29] and de Boer et al. [8], a free-form B-spline defor-
mation is used to compensate for (possibly non-uniform) in-plane deformations 
caused by sectioning of the paraffin blocks and staining [29]. The NMI metric is 
again used to match both modalities.

	IV.	 Apply the micro-CT transformations to the micro-PET image Finally, the micro-
PET image of the fresh lamella is aligned with the WSI, by applying the transfor-
mations found for the corresponding micro-CT image of the fresh lamella. The 
micro-PET images are not used during the co-registration process, as deforming 
the PET signal to match the WSI would introduce bias in the PET signal analysis of 
different tissues.

We used the Python library SimpleElastix [30] to implement this co-registration algo-
rithm. Table 1 lists the key registration components. For every step, we follow a hier-
archical multi-resolution strategy to gradually increase data and transformation 
complexity, making the co-registration more robust. In terms of transformation com-
plexity, we increase the degrees of freedom by sequentially applying a rigid, affine, and 
(if applicable) B-spline transformation. In terms of data complexity, we apply Gaussian 
smoothing to the images to create four resolution levels. For every level, 500 co-registra-
tion iterations are performed with adaptive stochastic gradient descent (ASGD) as opti-
miser and linear interpolation.

Application and evaluation in breast cancer

Study design

To demonstrate the feasibility of our co-registration method, we evaluated this technique 
in BCa. We acquired images of specimens from patients with NST, ILC, or DCIS BCa 
undergoing breast-conserving surgery at Ghent University Hospital. Patients received 
a preoperative injection with 0.8 MBq/kg [ 18F]FDG. Data collection occurred within 
two clinical trials (ClinicalTrials.gov identifiers: NCT04343079 and NCT04999917), 
approved by the local ethics committee. All patients provided written informed consent, 
agreeing to participation and publication of the results.

Table 1  Registration components for the first three steps of the co-registration algorithm

WSI whole slide image, NCC normalised correlation coefficient, NMI normalised mutual information, ASGD adaptive 
stochastic gradient descent

Component Step I Step II Step III

Moving image Micro-CT fresh Registered micro-CT 
fresh

Selected slice micro-CT fresh

Fixed image Micro-CT fixated WSI WSI

Transformation Rigid>Affine>B-spline Rigid>Affine Rigid>Affine>B-spline

Metric NCC NMI NMI

Optimiser ASGD ASGD ASGD

Interpolator Linear Linear Linear
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Image acquisition

All images were captured following the proposed image acquisition scheme. After the 
specimen was cut into lamellas, the pathologist visually assessed which lamellas con-
tained macroscopic tumour tissue. From every specimen, one lamella with and one 
without macroscopic tumour were selected. Large lamellas were further cut to fit the 
cassettes. Figure 3 provides an overview of all images that were collected for one lamella. 
The following sections explain in detail how these images were acquired.

Micro-PET-CT imaging of lamellas We acquired micro-PET-CT images of the cassettes 
containing the fresh lamellas. After fixating the tissue in a 10% neutral buffered formalin 
solution for 12–18 h, we also acquired micro-CT images of the cassettes with the fixated 
lamellas. To acquire these micro-PET-CT images, we used a PET-CT specimen imager 
(AURA 10� , XEOS Medical NV, Belgium). Only one micro-PET-CT and one micro-
CT acquisition per patient was required, as the container of this scanner could simul-
taneously fit all cassettes. Micro-CT and micro-PET acquisition took 1 min and 10 min 
respectively. Micro-CT images were reconstructed using filtered back projection (FBP), 
with an isotropic voxel size of 100 μm. Micro-PET images were reconstructed using 20 
iterations of the maximum likelihood expectation maximisation (MLEM) algorithm, 
with an energy window of 50% around the 511 keV photopeak and an isotropic voxel size 
of 400 μm. The results were co-registered micro-PET and micro-CT images in DICOM 
format. The 3D micro-CT images were expressed in Hounsfield units (HUs) and the 3D 
micro-PET images were converted to lean body mass SUVs using the Janmahasatian 
formulation [31]. All micro-PET images were attenuation corrected and median filtered 
(kernel size of 5× 5× 5 voxels) to remove noise.

Fig. 3  Overview of images collected for one breast lamella. (1) Micro-PET-CT image of the fresh lamella, (2) 
Micro-CT image of the lamella after formalin fixation, and (3) digital whole slide image of the hematoxylin 
and eosin stained thin tissue section. Only one slice is shown for the 3D micro-PET and micro-CT images. The 
spatial scale of the images is expressed in mm
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Whole slide imaging of H&E stained tissue sections After micro-PET-CT imaging, the 
cassettes containing the fixated tissue underwent standard clinical processing to obtain 
one H&E stained tissue section per cassette. Digital WSIs were captured from these sec-
tions using a slide scanner (NanoZoomer� , Hamamatsu Photonics, Japan), resulting in 
2D RGB images in NDPI format with a resolution of 0.456 μm.

Mathematical co‑registration

Before co-registration, the collected images required preprocessing. We used the resize 
function from the Python library OpenCV [32] to interpolate the micro-PET images 
and WSIs to the same isotropic voxel size as the micro-CT images (100 μm). A linear 
interpolation and an area interpolation were applied to the micro-PET images and WSIs, 
respectively. Using AMIDE [33], we cropped the micro-PET-CT images to separate the 
different tissue samples and to remove the cassettes from the micro-CT images. We 
segmented the tissue in the micro-CT images and WSIs to define binary tissue masks. 
For the micro-CT images, we applied Otsu’s thresholding and selected the largest con-
nected tissue structure using OpenCV. For the WSIs, we manually segmented the largest 
connected tissue structure using QuPath [34]. The resulting tissue masks were used to 
remove the background from the micro-CT images and WSIs, and to crop the images 
with a margin of 5 voxels around the tissue in all directions. Finally, we padded all images 
that belong to one lamella to the same dimensions, and we converted the WSIs to grey-
scale images. After preprocessing the data, the four-step co-registration algorithm was 
applied.

Co‑registration evaluation

The alignment between the transformed micro-PET-CT images of the fresh lamellas 
and the WSIs was evaluated qualitatively through visual inspection and quantitatively 
using two different approaches. For the first approach, we calculated the Sørensen DSC, 
as done by Schiller et al. [4] and de Boer et al. [8]. We calculated the DSC for two types 
of tissue segmentations: tissue shape, and tissue composition segmentations. For the tis-
sue shape segmentations, we used the binary tissue masks of the micro-CT images and 
WSIs after co-registration. For the tissue composition segmentations, we distinguished 
between adipose and non-adipose tissue, as these two tissue types can be separated both 
in micro-CT images and in WSIs. To separate both tissues in the micro-CT images, we 
applied Otsu’s thresholding to all tissue voxels, after clipping the voxel intensities to 
[-1000:1000] HUs. The WSIs show the greatest contrast between adipose and non-adi-
pose tissue in the green channel. In QuPath, this channel was manually thresholded after 
applying the binary tissue mask and a Gaussian filter with a sigma of 1. To calculate the 
DSC for the composition segmentation, we averaged the DSCs for adipose and non-adi-
pose tissue. The DSC scores based on these tissue shape and composition segmentations 
are denoted as DSCshape and DSCcomp respectively.

As a second evaluation method, we calculated the spatial co-registration error, using 
an approach similar to Puri et al. [5, 6]. To obtain a mean overall co-registration error 
between micro-PET and histopathology, we calculated the root sum square (RSS) of the 
following three co-registration errors:
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(1)	  Co-registration error between micro-PET and micro-CT of fresh lamellas.

To estimate the misalignment between consecutively acquired micro-PET and micro-
CT images, we averaged the co-registration errors of six different micro-PET-CT scan-
ners, measured using an in-house developed calibration phantom.

(2)	  Co-registration error between micro-CTs of fresh and fixated lamellas.

To estimate the misalignment between co-registered micro-CTs of the fresh and fixated 
lamellas (step I), we calculated the distances between pairs of landmarks in both images. 
As landmarks, we used the microcalcifications that are visible on the micro-CT images. 
First, we segmented the microcalcifications in the micro-CT images of the fresh lamel-
las. We thresholded the images at 400 HUs to identify dense structures. The thresholded 
images were manually corrected to exclude dense spots of marking ink. Next, we identi-
fied the corresponding microcalcifications in the micro-CT images of the fixated lamel-
las following the same approach. Per lamella, we calculated the co-registration error as 
the root mean square (RMS) of all distances between centres of gravity of corresponding 
microcalcifications.

(3)	  Co-registration error between micro-CT slices of fresh lamellas and WSIs

To estimate the misalignment of co-registered selected micro-CT slices of fresh lamel-
las and WSIs (step III), we could again employ the microcalcifications as they are also 
visible on the WSIs. We identified the remaining microcalcifications on the selected 
micro-CT slices, and a breast pathologist with over 15 years of experience segmented 
the corresponding microcalcification in the WSIs using QuPath. We selected (clusters 
of ) microcalcifications with a minimal diameter of 100 μm to account for the micro-CT 
resolution. Per lamella, we again calculated the co-registration error as the RMS of all 
distances between centres of gravity of corresponding microcalcifications. Note that this 
method could not address possible mismatches between WSIs and selected micro-CT 
slices (step II).

Standardised uptake values in breast cancer

The co-registration method establishes a direct mapping between micro-PET-CT 
images and the corresponding WSIs, facilitating the analysis of radiotracer uptake in 
different histological tissue types. An experienced breast pathologist annotated the 
breast WSIs. Using QuPath, (pre)malignant tissue was delineated, distinguishing dif-
ferent histological subtypes: NST, DCIS, and ILC. Other types of benign and healthy 
tissue that were annotated are lobular carcinoma in situ (LCIS), hyperplasia, inflamed 
tissue, healthy glands, and skin. The remaining tissue was separated into adipose and 
connective tissue, using a threshold as described above.

We used these annotations together with the co-registered micro-PET images to 
calculate the mean and maximum SUVs (SUVmean and SUVmax ) of different breast 
tissues. In order to do this, we assigned one tissue label to every PET pixel. The WSI 
annotations were exported with an isotropic pixel size of 3.6 μm. To interpolate these 
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annotations to the 100 μm pixel size of the micro-PET images, we used a method that 
accounts for the spatial resolution of micro-PET. The signal of a PET pixel can be seen 
as a weighted sum of signals originating from different tissues surrounding the PET 
pixel. The relative contribution of a tissue signal to the PET pixel signal decreases 
with distance from the PET pixel. These relative contribution weights can be repre-
sented by a normalised 2D Gaussian kernel that is centred on the PET pixel. In cor-
respondence with the resolution of the micro-PET scanner, we use a Gaussian kernel 
with a full width at half maximum (FWHM) of 1 mm and a size ranging from -3σ to 
+3σ in both directions. To every PET pixel, we assign the label of the tissue type that 
has the highest total relative weight, and as such contributes the most to the PET 
pixel signal. In practice, this can be seen as a filtering process. The Gaussian kernel is 
scanned over the full resolution annotation with a stride of 100 μm in both directions. 
At every kernel position, corresponding to one PET pixel, we select the tissue type 
with the highest total relative weight according to the Gaussian kernel. This filtering 
process is illustrated in Fig. 4.

Results
Study subjects

We acquired images of BCa specimens from 22 patients. Specimens included 13 NST, 
6 ILC, and 3 DCIS cases. In total, we imaged 33, 16, and 10 cassettes of NST, ILC, and 
DCIS specimens respectively.

Image acquisition in breast cancer

Micro-PET-CT imaging of the fresh breast lamellas was successful in all cases. The mean 
time between [ 18F]FDG injection and micro-PET acquisition was 4h31min ± 48min 
across all patients. After formalin fixation, micro-CT images of all lamellas could be cap-
tured. Comparing the 3D binary tissue masks of the micro-CT images before and after 

Fig. 4  Illustration of the Gaussian filtering process of a tissue annotation. The figure illustrates how a full 
resolution annotation with an isotropic pixel size of 3.6 μm is turned into a Gaussian filtered annotation with 
an isotropic pixel size of 100 μm. The Gaussian kernel with full width at half maximum (FWHM) of 1 mm is 
scanned over the original annotation with a stride of 100 μm, and at every position the label of the tissue 
type with the highest relative weight is chosen. The spatial scale of the images is expressed in mm. Note that 
the Gaussian kernel is not displayed in its actual relative size
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fixation revealed an average tissue volume increase of 0.2 ± 4.3% relative to the volume 
of the fresh lamellas across all patients. Thus, some lamellas slightly increased in volume, 
while others slightly decreased. We did not observe any relation between tissue volume 
increase during fixation and tissue composition in terms of the volume ratio of adipose 
and non-adipose tissue in a lamella. We have to keep in mind that these results might be 
affected by partial volume effects in the micro-CT images.

On average, it took 3 days from the moment where the specimen arrived at the pathol-
ogy lab, to obtain the H&E stained pathology slides. WSIs of the pathology slides could 
be acquired for all lamellas. A clear correlation between the micro-PET-CT images and 
histopathology was immediately visible, due to the cassette framework that minimised 
tissue deformation.

Mathematical co‑registration in breast cancer

Mathematical co-registration of the micro-CT images of the fresh lamellas with the 
WSIs was performed fully automatically (after preprocessing). The entire co-registration 
pipeline took on average 5 ± 2 min across all lamellas when run on an 11th Gen Intel 
Core i7 CPU. The intermediate results of the co-registration process are visualised for 
one lamella in Fig. 5. Table 2 displays quantitative metrics to show the improvement in 
image alignment after the different co-registration steps.

The found transformations were applied to the micro-PET images of the fresh lamel-
las. Figure  6 shows the resulting alignment of the micro-PET-CT images of the fresh 
lamellas and the corresponding WSIs for some representative NST, ILC, and DCIS 
cases. The mathematical co-registration further optimised the alignment between the 
micro-PET-CT images and WSIs, showing a good correspondence between both imag-
ing modalities in all cases.

To estimate the mean overall co-registration error between micro-PET and histopa-
thology, we calculated the RSS of three co-registration errors. The mean co-registration 
error between the micro-PET and micro-CT images of the fresh lamellas was 0.35 ± 
0.06 mm. In the micro-CT images of the fresh lamellas, we identified 25 microcalcifica-
tions across 11 lamellas of 11 patients. Corresponding microcalcifications were easily 
identified in the micro-CT images of the fixated lamellas. After co-registering the micro-
CTs of the fresh and fixated lamellas (step I), the mean co-registration error was 0.25 ± 
0.28 mm across the 11 lamellas. After selecting micro-CT slices matching the WSIs (step 
II), 7 microcalcifications across 5 slices remained. All corresponding microcalcifications 
were found in the WSIs. After co-registering the micro-CT slices and WSIs (step III), the 
mean co-registration error was 0.60 ± 0.22 mm across the 5 slices. The resulting RSS of 
these three errors was 0.74 ± 0.17 mm, averaged across the 5 lamella slices for which all 
three errors could be calculated. Figure 7 visualises the centres of gravity of correspond-
ing microcalcifications in the micro-CT images and WSIs for one lamella.
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Standardised uptake values in breast cancer

After co-registration, we used the annotations to calculate the SUVs of different 
breast tissues. Examples of these annotations are shown in Fig. 6, together with the 
aligned micro-PET-CT images. Table 3 shows the average and standard deviation of 
SUVmean and SUVmax per breast tissue type, as defined by the Gaussian filtered anno-
tations. The average and standard deviation are calculated across the patients. The 

Fig. 5  Intermediate results of the mathematical co-registration process for one breast lamella. A Alignment 
between the CTs of the fresh and fixated lamella after rigid, affine and B-spline co-registration. Colour fusions 
show the overlap between both micro-CT images, as well as their shape and composition segmentations. 
The overlap metrics (normalised correlation coefficient (NCC) and dice similarity coefficient (DSC)) are shown 
below the images. Only a central slice of the 3D micro-CT images is shown. B Alignment of the selected 
micro-CT slice of the fresh lamella with the histopathology whole slide image (WSI) after rigid, affine and 
B-spline co-registration. Chequerboards show the overlap between the micro-CT image and WSI, and 
colour fusions show the overlap between their shape and composition segmentations. The overlap metrics 
(normalised mutual information (NMI) and DSC) are shown below the images
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Fig. 6  Overview of the alignment between the micro-PET-CT images and histopathology whole slide images 
(WSIs) after mathematical co-registration. Representative lamellas containing different breast tumours are 
shown: 2 carcinomas of no special type (NST), 2 invasive lobular carcinomas (ILCs), and 1 ductal carcinoma 
in situ (DCIS). For each lamella the following images are shown: the WSI, the WSI annotation, the co-registered 
micro-PET-CT image of the fresh lamella, and the micro-CT image without the micro-PET overlay. The original 
unfiltered WSI annotations are shown. Micro-PET images are displayed with an absolute window of 0-3 
standardised uptake values (SUVs) and micro-CT images are shown in Hounsfield units (HUs). The spatial scale 
of the images is expressed in mm

Table 2  Quantitative metrics expressing the image alignment after the different co-registration 
steps

The mean ± standard deviation of all quantitative metrics across the different lamellas are shown after every co-registration 
step. WSI whole slide image, NCC normalised correlation coefficient, NMI normalised mutual information, DSC dice similarity 
coefficient

NCC NMI DSCshape DSCcomp

Co-registration of the CTs of the fresh and fixated lamella

 Unaligned 0.87 ± 0.07 – 0.88 ± 0.06 0.71 ± 0.11

 Rigid 0.93 ± 0.05 – 0.93 ± 0.04 0.79 ± 0.09

 Affine 0.94 ± 0.03 – 0.95 ± 0.03 0.81 ± 0.08

 B-spline 0.96 ± 0.01 – 0.97 ± 0.01 0.84 ± 0.06

Co-registration of the micro-CT slice of the fresh lamella and the WSI

 Unaligned – 0.18 ± 0.05 0.79 ± 0.11 0.52 ± 0.14

 Rigid – 0.20 ± 0.05 0.82 ± 0.11 0.56 ± 0.15

 Affine – 0.24 ± 0.04 0.88 ± 0.07 0.62 ± 0.13

 B-spline – 0.27 ± 0.04 0.91 ± 0.07 0.65 ± 0.14
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box plots in Fig. 8 give a more detailed view on the spread in SUVmean and SUVmax 
across all patients.

Discussion
We developed a method for co-registration of sub-millimetre PET images of ex vivo tis-
sue lamellas with the corresponding histopathology. While the idea of imaging sliced tis-
sue specimens as an intermediate co-registration step was already introduced by Puri 
et al. [6], our method has several advantages over existing co-registration methods that 
align in vivo PET images with histopathology [4, 5, 7–10]. First, the only requirement of 
our method, in addition to the standard histopathological processing, is that the tissue 
should be sliced in lamellas while it is still fresh. Second, our mathematical co-registra-
tion method is fully automatic as we use intensity-based similarity metrics based on the 
entire images. Finally, ex vivo PET imaging of tissue allows visualising radiotracer uptake 
at a sub-millimetre resolution that cannot yet be reached by in vivo PET scanners.

We applied the proposed method to resected BCa specimens. The micro-PET-CT 
images and the corresponding WSIs showed good visual alignment after co-registra-
tion. Quantitative metrics (NCC, NMI, and DSC scores) improved with more com-
plex co-registration transformations. This indicates the need to correct for free-from 
deformations to reach accurate alignment, consistent with the conclusions of de Boer 

Fig. 7  Illustration of corresponding microcalcifications in micro-CT images and histopathology whole slide 
images (WSIs). The top row shows one slice of the aligned micro-CTs of the fresh and fixated lamellas after 
co-registration step I. The bottom row shows the aligned micro-CT slice and WSI after co-registration step 
III. Red crosses indicate the centres of gravity of 2 microcalcifications in all images. The spatial scale of the 
images is expressed in mm



Page 15 of 20Maris et al. EJNMMI Physics           (2024) 11:85 	

et  al. [8]. Schiller et  al. [4] reported a maximal DSC of 0.90 ± 0.02 for the overlap 
between the prostate shapes in in  vivo CT and histopathology. A maximal DSC of 
0.94 ± 0.02 was reported by de Boer et al. [8] for the overlap between the breast tis-
sue shapes in ex vivo white light images and histopathology. While not strictly com-
parable, we found a similar maximal DSC of 0.91 ± 0.07 for the overlap between the 
breast tissue shapes in ex vivo micro-CT slices of the fresh lamellas and WSIs. The 
DSCcomp scores were lower than the DSCshape scores. This is most likely influenced 
by the fact that CT images do not always show high contrast between adipose and 
non-adipose tissue, resulting in small inaccuracies in the composition segmenta-
tions. Using the microcalcifications as landmarks, we found a mean overall co-reg-
istration error between micro-PET and histopathology of 0.74 ± 0.17 mm, which is 

Fig. 8  Box plots showing the spread in standardised uptake values (SUVs) of different breast tissues. The top 
plot shows the spread in SUVmean , while the bottom plot shows the spread in SUVmax across all patients
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comparable to the spatial resolution of the used specimen micro-PET scanner. This 
error is also smaller than the co-registration error of 3.0 ± 0.7 mm reported by Puri 
et al. [5, 6] for the alignment between in vivo PET images and histopathology slices in 
laryngeal cancer. These results show that the proposed co-registration method is suc-
cessful, even for soft tissue like breast tissue.

There are many possible applications of the proposed co-registration method. We 
showed that in case of BCa, this technique can be used to study the uptake of [ 18F]FDG 
in different types of breast tissue at a high resolution. According to the resulting SUVmean 
values, (pre)malignant tissue (including NST, ILC, and DCIS) in general showed higher 
uptake compared to healthy tissue (including healthy glandular, connective, and adipose 
tissue). ILC and DCIS showed lower uptake compared to NST, which corresponds to 
what is reported in literature for in vivo [ 18F]FDG PET [25, 27, 28, 35, 36]. While it is 
often difficult to detect ILC and DCIS in in  vivo PET, our results suggest that micro-
PET-CT images can visualise ILC and DCIS tumours. LCIS and hyperplasia showed low 
uptake, in the same range as healthy tissue. As expected, we also found notable uptake of 
[ 18F]FDG in inflamed tissue and in the skin. It is known that [ 18F]FDG suffers from low 
specificity and can show non-specific uptake in inflamed tissue, in benign hyperplasia, in 
sebaceous glands in the skin, and even in healthy breast glands [25, 27, 35].

In terms of SUVmax values, our results were generally higher compared to values 
reported by other groups in case of in vivo [ 18F]FDG PET. Fujii et al. found mean SUVmax 
values of 3.44 ± 3.03 and 2.25 ± 1.99 for NST and ILC respectively [28]. Azuma et al. 
found a mean SUVmax of 2.9 ± 0.5 for the DCIS subtype [36]. Uptake of normal breast 
tissue is in general found to be homogeneous, with SUVmax below 2.5 [35, 37]. The speci-
men SUVmax values that we found follow the same trend, but are in general higher. A 
possible reason for this is that the improved spatial resolution of ex vivo PET reduces 
the partial volume effect [38]. In addition, specimen PET does not suffer from decreased 
SUVs caused by respiratory motion [38].

We found a wide range of BCa SUVs. In addition to the histological BCa type, there 
are other factors that influence tumour SUVs. For example, the molecular subtype and 
grade of the tumour also influence [ 18F]FDG uptake, as well as the tumour cell density, 

Table 3  Standardised uptake values (SUVs) of different breast tissues as measured in [ 18F]FDG 
micro-PET images

The mean ± standard deviation of SUVmean and SUVmax across all patients are shown. NST carcinoma of no special type, ILC 
invasive lobular carcinoma, DCIS ductal carcinoma in situ, LCIS lobular carcinoma in situ

SUVmean SUVmax

NST 2.70 ± 2.38 7.85 ± 6.81

ILC 1.02 ± 0.87 2.57 ± 1.98

DCIS 1.51 ± 1.04 2.77 ± 1.61

LCIS 0.28 0.43

Hyperplasia 0.04 0.09

Inflammation 1.89 ± 2.23 3.59 ± 5.22

Healthy glands 0.44 ± 0.44 1.30 ± 1.22

Connective tissue 0.56 ± 0.59 4.19 ± 3.49

Adipose tissue 0.15 ± 0.12 3.38 ± 3.22

Skin 2.99 6.80
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the microvessel density, and the level of tumour infiltrating immune cells [25, 27, 28, 
35, 36, 39–41]. In future work, we will further investigate the relation between breast 
tumour characteristics and radiotracer uptake.

The proposed co-registration method bridges the gap between high-resolution 
molecular imaging and histopathology, stimulating the novel field of transpathology 
as introduced by Tian et al. [42]. The method provides a unique opportunity to study 
the distribution of existing and new radiotracers in different types of human tissue at 
a sub-millimetre resolution. These insights will help nuclear medicine physicians to 
correctly interpret clinical PET scans, in particular when the resolution of PET scan-
ners improves. The co-registered micro-PET-CT images and WSIs also allow gaining 
more insight into the tumour microenvironment and the underlying causes of het-
erogeneity in tumour metabolism, which we will further investigate in future work. 
These findings may eventually result in more personalised patient care.

While the co-registration method shows good results, there are some limitations. 
First, the micro-CT images and the corresponding WSIs can never be matched per-
fectly due to artefacts in the WSIs. During sectioning and colouring of the tissue 
sections, tissue folds and tears can occur, and small tissue pieces can break off [43]. 
These artefacts can lead to strong local deformations in the micro-CT images during 
co-registration. Second, the limited soft tissue contrast of the CT images limits the 
co-registration accuracy. Third, in the proposed method we make the assumption that 
the tissue section in the WSI can be matched with a section of the fixated lamella, 
parallel to the cassette surface. This is an approximation as the tissue might slightly 
deform when embedding it in paraffin. In addition, cutting may not be performed 
perfectly parallel to the cassette surface.

Furthermore, the strategy we used to evaluate the spatial co-registration error 
based on pairs of microcalcifications, also has several shortcomings. First, this evalu-
ation method is not entirely independent as we used intensity-based metrics to per-
form fully automatic co-registration. Second, not all imaged tissue lamellas contained 
microcalcifications, so we could only estimate the co-registration error for a subset of 
the data. Third, large microcalcifications can migrate or even get lost during prepara-
tion of the histopathology slides, possibly affecting the co-registration error.

Finally, the approach we used to calculate breast tissue SUVs also has some limita-
tions. First, as we are comparing a micro-PET image with an isotropic resolution of 
around 1 mm with a histopathology WSI with a resolution of 0.456 μm and a thick-
ness of around 5 mm, partial volume effects inevitably influence the results. While we 
perform 2D Gaussian filtering of the WSI annotations to account for the limited in-
plane micro-PET resolution, the PET signal is influenced by the 3D tissue configura-
tion. These partial volume effects will lead to partial volume loss, as well as spillover, 
which may explain why the resulting SUVmax values of healthy glandular, connective, 
and adipose tissue are rather high. As mentioned by Puri et  al. [6], obtaining con-
tiguous histopathology slices to account for the 3D tissue configuration would be 
more accurate, but introduces unwanted complexity in the co-registration strategy. 
Second, there are also limitations to the accuracy of the annotations. For maximal 
accuracy, the annotations should be performed on cellular level, which is not feasible 
to do manually. Third, the time between radiotracer injection and imaging was quite 
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large, which might have increased the image noise levels. However, in general, visual 
inspection of the images showed clear PET signals.

Conclusion
We developed a novel method to accurately and automatically co-register high-reso-
lution PET-CT images with histopathology in resected tissue. Our method consists of 
an image acquisition scheme that minimises and tracks tissue deformation, followed 
by a mathematical co-registration algorithm to further optimise image alignment. Our 
method is less labour-intensive and time-consuming compared to previously proposed 
protocols, making it feasible to study larger patient groups.

We applied our method to BCa specimens and showed that, even for highly deforma-
ble breast tissue, co-registration can be successfully performed with an accuracy compa-
rable to the spatial resolution of micro-PET. We collected a unique dataset of [ 18F]FDG 
micro-PET-CT images of breast tissue that are co-registered with the corresponding his-
topathology. This allowed a detailed study of SUVs of different types of breast tissue. 
We found that (pre)malignant breast tissue in general shows higher uptake compared to 
healthy tissue. This not only includes the NST tumours, but also the ILC and DCIS sub-
types that are in general more difficult to detect in in vivo PET. As expected, high non-
specific uptake was also detected in inflamed tissue and in the skin.

We believe that the proposed technique can also be applied to other types of tumours 
and radiotracers. The proposed method can provide a better understanding of the 
in vivo distribution of (new) radiotracers in different tissues on a sub-millimetre scale, 
and may clarify the underlying mechanisms of radiotracer uptake. These insights will 
eventually improve clinical practice and patient care.
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