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Abstract—Single cell analysis of human skeletal muscle (SM)
tissue cross-sections is a fundamental tool for understanding
many neuromuscular disorders. For this analysis to be reliable
and reproducible, identification of individual fibres within mi-
croscopy images (segmentation) of SM tissue should be automatic
and precise. Biomedical scientists in this field currently rely on
custom tools and general machine learning (ML) models, both
followed by labour intensive and subjective manual interventions
to fine-tune segmentation. We believe that fully automated,
precise, reproducible segmentation is possible by training ML
models. However, in this important biomedical domain, there
are currently no good quality, publicly available annotated
imaging datasets available for ML model training. In this paper
we release NCL-SM: a high quality bioimaging dataset of
46 human SM tissue cross-sections from both healthy control
subjects and from patients with genetically diagnosed muscle
pathology. These images include > 50k manually segmented
muscle fibres (myofibres). In addition we also curated high quality
myofibre segmentations, annotating reasons for rejecting low
quality myofibres and low quality regions in SM tissue images,
making these annotations completely ready for downstream
analysis. This, we believe, will pave the way for development
of a fully automatic pipeline that identifies individual myofibres
within images of tissue sections and, in particular, also classifies
individual myofibres that are fit for further analysis.

Index Terms—Skeletal muscle fibre segmentation, Segmenta-
tion by machine learning, Skeletal muscle fibre annotations, Im-
munofluorescence imaging, Imaging mass cytometry, Biomedical
imaging, Mitochondrial disease, Tissue sections, Human tissue
samples

I. INTRODUCTION

Microscopy imaging and cytometry-based pseudo imaging
techniques allow us to observe protein expressions within
individual cells within tissue images, when a single cell seg-
mentation approach is used. For many biological and disease
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processes, this is the most appropriate spatial scale for under-
standing mechanisms. Further, the spatial arrangement of cells
of different classes within tissues in vitro is often informative
about biology and disease pathology. There are many diseases
affecting SM tissue, including amyotrophic lateral sclerosis
[1], multiple sclerosis [2], muscular dystrophy [3] and a wide
range of mitochondrial diseases [4]. The dataset we present
here is collected from healthy human control subjects and
from patients suffering from genetically diagnosed muscle
pathology, including mitochondrial diseases. Mitochondrial
diseases are individually uncommon but are collectively the
most common metabolic disorder affecting 1 in 5,000 people
[5]. They can cause severe disabilities and adversely affect
the life expectancy of patients [6]. Mitochondrial disease
pathology is complex and highly heterogeneous [5]. Some
of the latest approaches to classifying mitochondrial diseases,
particularly previously unknown mitochondrial diseases, and
quantifying disease severity are based on the analysis of single
myofibre protein expression profiles and clinical information
from patients [7]. These same approaches are currently being
successfully applied to other types of muscle pathology [8].
Any analysis of SM images at the single myofibre level
requires 1) precise segmentation of individual myofibres, as
regions close to the myofibre membrane are known to exhibit
differential features [9]. 2) removal of myofibres damaged
by freezing that might occur in the process of storage and
thawing, as the subcellular patterns in protein expression, or
indeed per-cell mean expression, will be impacted by the
technical artefact, masking the target biology. 3) removal of
SM myofibres that are not sliced in transverse orientation or
are partially sectioned, as the presence of such myofibres does
not allow for a standard or uniform comparison across all
the myofibres in a tissue and 4) removal of folded tissue.
Tissue can fold in on itself during tissue handling and slide
preparation. Such folding artificially amplifies apparent protein
expression in affected regions and is again a purely technical
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artefact, not related to target biology.

Currently most single-myofibre SM analysis is carried out
using custom built semi-automatic pipelines like mitocyto
[10], using general image analysis tools like Ilastik [11] or
cellprofiler [12], or using vanilla ML models like stardist
[13] or cellpose [14]. None of these approaches produce
segmentation quality required for analysis of SM out of the
box, without suitable training in our experience. Custom built
pipelines like mitocyto are used more often than general
ML models (which are not trained on SM data) as these
require relatively fewer corrections than general ML models.
We evaluate and discuss mitocyto segmentation quality in
section V. To improve the segmentation quality and remove
compromised myofibres and SM regions, biomedical scientists
spend hours manually correcting the issues in a tissue section
before doing downstream quantitative analysis. This can be an
inefficient use of scientist’s time but also the corrections are
subjective and not reproducible.

The main barrier to the development of a suitable ML
tool/model for fully automatic segmentation and curation of
SM myofibres is the lack of any high quality, manually
segmented and curated SM myofibre image data on which to
train appropriate ML models. In this paper we make available
a high quality fully manually segmented and mostly manually
curated SM imaging dataset collected using two different
imaging technologies: Imaging Mass Cytometry (IMC) and
ImmunoFluorescence (IF) amounting to 50,434 myofibres in
46 tissue sections, 30,794 of which are classed as ‘analysable’,
18,102 classed as ‘not-analysable-due-to-shape’, 1,538 myofi-
bres classed as ‘not-analysable-due-to-freezing-damage’ and
405 annotations of folded tissue regions. We describe the New-
castle Skeletal Muscle (NCL-SM) dataset, introduce quantita-
tive quality assessment metrics relevant to single-myofibre SM
tissue segmentation and compare annotation quality achieved
using our existing pipeline with our new, ground truth manual
annotations.

The main contributions of this paper are:

• Publishing a high quality, manually segmented set of IMC
and IF images of human skeletal muscle tissue, curated
by expert biomedical scientists: the NCL-SM dataset.
We provide NCL-SM1 and our code2 that evaluates
annotation quality and classifies non-transverse sliced
myofibres.

• Introducing quantitative quality assessment metrics for
SM myofibre segmentation.

• Evaluating an existing, semi-automated pipeline applied
to NCL-SM and comparing results to clearly highlight
where improvements are required and to pave the way for
development of an automatic ML pipeline for segmenting
single myofibres that are fit for analysis.

1https://doi.org/10.25405/data.ncl.24125391
2www.github.com/atifkhanncl/NCL-SM

II. TISSUE COLLECTION AND IMAGE CURATION

The Wellcome Centre for Mitochondrial Research
(WCMR)3 is one of the leading institutes conducting
research into mitochondrial diseases worldwide, and we
have an unparalleled repository of clinical data and tissue
from healthy control subjects and patients with genetically
diagnosed muscle pathology, largely mitochondrial disease
patients with mitochondrial myopathy. The NCL-SM dataset
includes images of 46 tissue sections that capture spatial
variation in protein expression within tissue (including within
myofibres). We use microscopy-based techniques i.e. IF and
advanced protein expression measurement techniques like
IMC that allow us to observe the spatial variation in the
expression of up to 40 proteins in tissue simultaneously.

The assessment process before ethical approval for collec-
tion of SM tissue from human donors is granted, is rigorous
and muscle tissue donations can be painful. As a result, SM
tissue collections are scarce and valuable, requiring available
SM tissue sections to be used efficiently. Biomedical scientists
in our centre follow processes to preserve and efficiently
use the available samples throughout the research cycle. This
also applies to the imaging data captured from these tissues
i.e. within the images it is critical to efficiently curate all
usable myofibres. Analysing all available, usable myofibres
is also a way to ensure that no selection bias creeps into
the analysis. We identify all usable/analysable myofibres by
precisely segmenting all available SM fibres and curating the
subset that are fit for further analysis. Currently, segmentation
and curation is a heavily manual process.

Machine learning has made some great strides in image
segmentation, object detection and image classification [13]–
[16]. However, leveraging ML tools is only possible with
large, good quality datasets. To our knowledge there is no
such publicly available dataset for SM fibre segmentation
or classification. Making this dataset available and clearly
defining the challenge involved in myofibre segmentation and
curating the usable myofibres is a crucial first step towards
development of an automatic tool for this problem.

High quality annotated datasets are critical for development
of relevant ML models or pipelines. This has been evident
since the early days of modern ML with datasets such as
MNIST [17], COCO [18] and more recently SA-1B [19]
enabling the construction of some seminal ML models like
ResNet [20], VGG [21], vision transformer [22] and SAM
[19].

III. CAPTURING IMAGES

The following is the sequential process of collecting SM
tissue images.

A. Biopies

Following ethical approval from the Newcastle and North
Tyneside Local Research Ethics Committee and informed
consent from control and patient subjects, biopsies of SM

3www.newcastle-mitochondria.com/
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TABLE I
Annotation counts in NCL-SM dataset. In the table TS, AM, NTM,FAM and FR stands for Tissue Section, Analysable Myofibre, Non-Transverse Myofibre,

Freezing Artefact Myofibre and Folded Region respectively.

Imaging Technique TS Count Myofibre Count AM Count NTM Count FAM Count FR Count
IMC 27 22,979 14,841 7,358 780 84

IF 19 27,455 15,953 10,744 758 321
Total 46 50,434 30,794 18,102 1,538 405

were collected from patient and healthy control subjects.
Specific ethical approval for this project was not required
as it consisted of a re-analysis of previously captured image
data. This original data was obtained from approved studies
of samples from Newcastle Brain Tissue Resource (Approval
Ref:2021031) and Newcastle Biobank (Application Ref: 042).

B. IMC

Imaging mass cytometry is an imaging technique to simulta-
neously observe the expression of multiple proteins in a tissue
section as described in Figure 1.

a) NCL-SM images: The 46 tissue section images in
NCL-SM are made by arranging grayscale images of a cell
membrane protein marker i.e. dystrophin and of a mitochon-
drial mass protein marker VDAC1 into an RGB image where
R = membrane protein marker, G = mass protein marker and B
= 0. Each channel of the images are contrast stretched (5 to 95
percentile) to improve image contrast for the segmentation task
but raw images without contrast stretching are also included
in NCL-SM.

C. IF

Immunofluorescence imaging is another technology that
uses the antibodies to their antigen to target fluorescent dyes
to specific protein targets within a cell/myofibres. It allows
the capture of high resolution and high bit-depth microscopy
images, but only up to 5 protein targets can be observed
simultaneously [24].

D. Myofibre Segmentation

The protocol for myofibre segmentation was i) include all
areas within a myofibre that had mitochondrial mass signal,
ii) exclude any areas within a myofibre that had myofibre
membrane signal and iii) prioritise signal from within myofibre
when membrane signal is weak. Point iii) is necessary because
noise is common in these types of data resulting in some
overlapping mass and membrane pixels. In such scenarios,
we consider mitochondrial mass signal within a myofibre
to be the most reliable indicator of myofibre morphology.
We employed annotation specialists from Gamaed4 working
under the close oversight of expert biomedical scientists from
WCMR to segment each myofibre in all 46 tissue sections,
amounting to 50,434 myofibres. Gamaed annotators used
the online Apeer platform5 for all manual annotations. All
segmentation went through rigorous visual inspection and a

4www.gamaed.com/
5www.apeer.com/

number of random myofibres in the data were segmented
separately by expert biomedical scientists for quality assurance
(QA). This is further discussed in Section IV.

E. Freezing Artefact Myofibre Classification

The protocol for identifying myofibres with freezing arte-
facts was i) look for a leopard spot pattern within myofibres
that are typical of freezing damage and ii) look for partial
myofibres i.e. large part of myofibres missing as a result of
freezing. These patterns are demonstrated in Figure 3.

The freezing artefact classification annotation was dupli-
cated by two experts from WCMR and any disagreement
was resolved by discussion between a panel of experts. This
resulted in 1,538 SM fibres with freezing artefacts where both
annotators were in agreement. All annotations which differed
between annotators were reviewed and resolved by a second
expert after discussion.

F. Non-Transverse Sliced Myofibre Classification

The protocol for identifying non-transverse sliced myofibres
was to look for i) myofibres with skewed aspect ratio e.g.
elongated ii) all myofibres at the border of image: these are
partial observations iii) segmented objects which are too small
or too big and iv) myofibres with unusual convexity. As
demonstrated in Figure 4, for annotating non-transverse sliced
fibres we employed the following approach 1) two experts
working together identified up to 1,500 such myofibres in
the data 2) using these 1,500 myofibres, thresholds for area,
convexity and aspect ratio were calculated 3) these thresholds
and a function to detect any myofibre on the edge were then
applied on whole data, resulting in two classes of myofibres.
4) finally both classes of myofibres were rigorously visually
inspected to detect and correct any mis-classification. These
resulted in 18,102 non-transverse sliced myofibres (NTM).

G. Folded Tissue Segmentation

Folded tissue regions were segmented by an expert biomed-
ical scientist, these were identified by looking for overlapping
membrane signal that results in mesh pattern as demonstrated
in Figure 5. This resulted in annotations of 405 different tissue
regions affecting 37 out of 46 sections.

IV. QUALITY EVALUATION METRICS AND
MEASUREMENTS

In order to evaluate the quality of myofibre segmentation
annotations we need quantitative metrics that capture the
nuances required during SM analysis. In this section we first
define these nuances and introduce the quality evaluation

www.gamaed.com/
www.apeer.com/


Fig. 1. Imaging Mass Cytometry Experimental Procedure During IMC myofibres are stained with a panel of antibodies conjugated to heavy metals.
Tissue (made up of myofibres) is scanned by a pulsed laser which ablates a spot of tissue section. The tissue is vaporised on each laser shot and enters the
mass cytometer where the relative concentration of heavy metals can be quantified. These measurements are later combined as pseudo images, one for each
metal/protein, where location and intensity of each pixel corresponds to the amount of metal isotopes at each spot. Myofibres are segmented in these images
for conducting single myofibre data analysis. Figure adapted from [23].

Fig. 2. Typical Manual Segmentation of a SM Tissue Section: An IMC SM
tissue section image from subject P17. Consists of 1,068 myofibres manually
segmented following the protocol i.e. include all myofibre mass and exclude
membrane.

Fig. 3. Identifying Myofibre Freezing Artefacts All myofibres from section
P02. A (id:190), B (id:138) and C (id:257) are typical freezing damaged
myofibres resulting in a leopard spot pattern, D (id:448), E (id:117) and F
(id:398) are partial myofibres that are more severely damaged by freezing,
G (id:303), H (id:415) and I (id:288) are examples of myofibres without any
freezing defects.



Fig. 4. Typical Non-Transverse Sliced Myofibres: Myofibres from tissue
section C04. A (ID: 39 ) is a typical elongated myofibre cross-section which
has not been cut in the transverse orientation B is myofibre (ID:6) with unusual
convexity, ‘C’ is myofibre (ID:24) of large area and ‘D’ is a partial myofibre
(ID:12) that has been truncated by the border of the image

Fig. 5. Typical SM Tissue Folding Segmentation of folded regions in a
tissue section P06

metrics, we then present the annotation quality of NCL-SM in
terms of these metrics.

A. Assessment Metrics

Intersection over Union (IoU) is widely used evaluation
metric to measure the quality of annotation/segmentation in
computer vision tasks. But for myofibre segmentation exam-
ining IoU of each myofibre alone will not reveal important
aspects about segmentation quality i.e. the area missed or
included matter as emphasised in Sections I and III-D, in other
words we want any automatic pipeline to have high accuracy
segmenting areas on either side of the border of each myofibre
as illustrated in Figure 6. To measure this, we developed two
quantitative metrics: myofibre mass missed correlation (rAoB)
and myofibre membrane included correlation (rAiB) along
with the aforementioned IoU. All three metrics are defined
below:

• Myofibre mass missed correlation (rAoB) : This is the
Pearson correlation between the proportion of myofibre
mass pixels missed in the Area outside the myofibre

Fig. 6. Area Near the Membrane IMC image of a fibre (ID:723) from
tissue section P17 illustrating Area outside the Border (AoB, red) and Area
inside the Border (AiB, green) on either side of the border of an annotated
myofibre. These areas are identified by eroding and dilating the border using
a 5x5 and 9x9 pixel kernels for IMC and IF images respectively.

Border (AoB) by annotator x, compared to annotator y,
across all available myofibres i ∈ 1...n.

rAoB =
∑n

i=1(xAoBi−xAoB)(yAoBi−yAoB)√∑n
i=1(xAoBi−xAoB)2

∑n
i=1(yAoBi−yAoB)2

where xAoBi is the proportion of myofibre mass pixels in
AoB in myofiber i as annotated by annotator x; yAoBi
is the proportion of myofibre mass pixels in AoB in
myofiber i as annotated by annotator y; overbar represents
the mean across all n myofibres; and n is the number of
myofibres assessed.

• Myofibre membrane included correlation (rAiB): De-
fined as above, but for AiB:

rAiB =
∑n

i=1(xAiBi−xAiB)(yAiBi−yAiB)√∑n
i=1(xAiBi−xAiB)2

∑n
i=1(yAiBi−yAiB)2

where xAiBi is the proportion of myofibre membrane
pixels in AiB in myofiber i as annotated by annotator
x; yAiBi is the proportion of myofibre membrane pixels
in AiB in myofiber i as annotated by annotator y.

• IoU (IoUi): This is defined as intersection of overlap-
ping pixels divided by union of all pixels between two
annotations of myofibre i. This is measured per myofibre
and IoU is the mean across all n myofibres assessed.

B. Assessment Measurements

As mentioned in Section III-D, for QA during manual
segmentation, experts at WCMR routinely annotated random
myofibres in various sections to make sure the quality of an-
notations by specialists from Gamaed remain high quality. The
observations are listed in Table II. As these are comparison of



TABLE II
Annotation quality for human-to-human annotation comparison as mention in Section III-D. In the table MF-A, rAoB, rAiB, IoU , ( A%(IoU >0.80),

A%(IoU >0.90), A%(IoU >0.95)), QA-IMC, QA-IF stands for ‘Myofibres Assessed’, ‘Myofibre Mass Missed Correlation’, ‘Myofibre Membrane Included
Correlation’, ’Mean IoU’, (’Accuracy in terms of % of myofibres meeting IoU threshold of 0.8, 0.9 and 0.95’), ‘Quality Assessment for IMC images’ and

‘Quality Assessment for IF images’ respectively.

Annotations MF-A rAoB rAiB IoU A%(IoU >0.80) A%(IoU >0.90) A%(IoU >0.95)
QA-IMC 53 0.99 0.77 0.96 100 100 77.4
QA-IF 23 0.92 0.94 0.96 100 100 74

TABLE III
Annotation quality comparison between NCL-SM (considered as ground truth) and 1) mitocyto+ and 2) QA annotation used as benchmark. In the table TS,

mitocyto+ and QA stands for ‘Tissue sections’, ‘mitocyto with manual corrections’ and ‘QA annotations’ respectively.

Annotation TS MF-A rAoB rAiB IoU A%(IoU>0.8) A%(IoU>0.9) A%(IoU>0.95)
mitocyto+ P02, P06 1040 0.9 -0.15 0.91 95.24 74 11.3

QA P02, P06 26 0.96 0.72 0.95 100 100 61.5

duplicate manual annotations, we believe this should be used
as benchmark for any automatic segmentation tool or pipeline.

V. EVALUATION OF EXISTING TOOLS ON NCL-SM
Considering NCL-SM annotations as ‘ground truth’ we

evaluated the segmentation quality produced by mitocyto6 a
custom Python image analysis package for semi-automated
SM segmentation, built around OpenCV [25]. This package
requires manual intervention to correct classifications, which
were performed by experts at WCMR. Observations are listed
in Table III. We can clearly see that for the purpose of
analysis of SM at the single myofibre level where precision of
segmentation near the membrane of the myofibre is important
as described in Section I the current pipeline with manual
intervention is not fit for purpose. This is highlighted by our
metrics i.e. low values for rAiB and accuracy measured in terms
of IoU thresholds of 0.9 and 0.95 demonstrate lack of precision
segmenting near the membrane.

VI. DISCUSSION

A. Metrics
As observed in Section V the metrics we introduced are

capable of quantifying the segmentation quality required for
SM analysis at the single myofibre level. It also demonstrates
that IoU on its own can be misleading in this case.

B. Problem definition
The challenge of segmenting for single myofibre analysis

can be divided into two tasks
• Segmentation: Each myofibre and folded tissue region

needs to be identified in the tissue section image. Fol-
lowing this all folded regions need to be removed and an
instance segmentation mask of all remaining myofibres
should be made.

• Classification: The two types of not analysable myofibres
i.e. ‘not-analysable-due-to-shape’ and ‘not-analysable-
due-to-freezing-damage’ need to be identified and re-
moved. Leaving a final instance segmentation mask of
curated myofibre that are fit for further analysis.

6www.github.com/CnrLwlss/mitocyto

C. Possible ML Solutions

This paper has focused on the collection and curation of the
NCL-SM dataset along with defining metrics for analysing the
quality of annotation approaches. Although ML approaches for
performing segmentation and classification is out of scope for
this work we suggest some possible starting points:

Workflow: We believe the sequential workflow that worked
in the manual annotation process to create NCL-SM should
also work in any automatic pipeline. That is 1) Segment all
myofibres in the image to create an instance segmentation
mask, 2) segment folded regions in the image to create FR
mask, 3) classify NTMs using the myofibres instance seg-
mentation mask to create a NTM mask, 4) use the myofibres
instance segmentation mask and the image to create a FAM
mask and 5) Subtract masks created in 2,3,4 from 1 to create
final instance segmentation mask of ’Analysable Myofibres’.

Segmentation: There is a range of ML models like UNETs
[26], R-CNNs [27] that might be useful and the metrics we
defined above can be used as loss/accuracy metrics for model
training.
Classification: Similarly object detection or image classifica-
tion models like ResNet [20] and vision transformer [22] might
make accurate predictions after training with NCL-SM.

VII. CONCLUSION AND FUTURE WORK

In this paper we release the NCL-SM dataset, a high quality
dataset of > 50k annotated SM myofibre segmentations with
a curated subset of myofibres classified as fit for downstream
analysis. We describe how we assess segmentation quality for
single myofibres, introducing the quantitative metrics relevant
for assessment. We demonstrate the high quality of annotation
of NCL-SM in terms of relevant metrics. We define the
challenges involved in segmenting SM myofibres for possible
automatic ML solution. We believe this dataset will enable the
development of novel ML solutions to address the problem
of automatic segmentation of SM fibres and classification of
individual myofibres that are fit for downstream analysis.

NCL-SM consists of > 50k myofibres segmentations but we
have significantly fewer FR segmentations i.e. 405 across all

www.github.com/CnrLwlss/mitocyto


images. To address this in our future work 1) we shall expand
NCL-SM to include more high quality annotated data not only
from our centre but establish a process in place by which
others can add their data which meet the quality standards of
NCL-SM and 2) we want to to build an automatic ML pipeline
to address the challenges highlighted in this paper utilising the
NCL-SM dataset.
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