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Abstract: 
Technological advancements in biology and microscopy have empowered a transition from 
bioimaging as an observational method to a quantitative one. However, as biologists are 
adopting quantitative bioimaging and these experiments become more complex, researchers 
need additional expertise to carry out this work in a rigorous and reproducible manner. Here we 
provide a navigational guide for experimental biologists to understand quantitative bioimaging 
from sample preparation through image acquisition, image analysis, and data interpretation. We 
discuss the interconnectedness of these steps, and for each, we provide general 
recommendations, key questions to consider, and links to high-quality open access resources 
for further learning. This synthesis of information will empower biologists to plan and execute 
rigorous quantitative bioimaging experiments efficiently.   



 

Introduction 
 
The optical microscope is a major cornerstone of biological discovery, yet modern-day 
bioimaging experiments involve much more than looking down the eye-piece and reporting 
observations. Proper quantification of imaging data requires planning and decision-making at 
every step of the experimental imaging workflow.  
 
In practice, even the most motivated and independent learner cannot master the best practices 
in microscopy if they do not know what topics they must fully understand and which skills they 
need to acquire as they work towards proficiency. Ideally, biologists wishing to learn more about 
microscopy will have convenient local access to training and mentorship as they develop their 
bioimaging knowledge and skills. Unfortunately, in practice, access to advanced training and 
support varies widely by site. Thankfully, in addition to a number of hands-on specialized 
workshops which provide excellent training opportunities, a wealth of high quality open source 
resources have been generated by the bioimaging community.  
 
This paper serves as a navigational guide for the important considerations needed to best utilize 
optical microscopy as a quantitative measurement technique. For each major stage of 
bioimaging experiments (Fig 1; Sample Preparation, Image Acquisition, Image Analysis, and 
Data Interpretation), we present key high-level considerations as well as pointers to resources 
that present further information. We primarily focus on fluorescence microscopy, but many 
recommendations and resources are generalizable to other kinds of bioimaging (e.g., brightfield 
microscopy, electron microscopy, histology, etc.). 
 
Throughout these sections, a few recurring principles can be identified.  
 

● First, there is no single correct answer for questions in quantitative bioimaging. In nearly 
all aspects of a microscopy experiment, there are many possible options; this is because 
the optimal choice for a particular set of conditions depends on the goal of the 
experiment, the details of the system and sample, and many other factors. We have 
provided a checklist (Box 1) of key questions to consider when embarking on a 
quantitative bioimaging experiment.  

● Second, speak to experts before beginning. These include microscopy hardware 
experts, imaging scientists, image analysts, statisticians, and other biologists. Such 
experts may be found locally in institutional core facilities or online via community-wide 
forums like image.sc and μforum.  

● Third, the major steps of bioimaging experiments are highly interconnected (Fig 1). 
Decisions at one stage affect what is possible at others. It helps to think about 
experimental design not as a linear process but as a “reverse workflow” in which the 
desired end result informs the necessary experimental steps and controls; one must 
always begin experiments with the end in mind. The cycle of a quantitative bioimaging 
experiment may be repeated multiple times in a project. Pilot experiments can and 
should be leveraged to quickly test all aspects of a workflow; in a similar fashion, 



 

previously published data can also be used as a stepping stone to improve upon existing 
workflows.  

● Finally, that microscopy is inherently quantitative. Microscopy produces beautiful images 
that sometimes make it easy to forget that they contain meaningful measurements. 
Measurements like intensity, area, shape, localization and many others can provide 
insight to solve a biologist's experimental question. By designing rigorous, reproducible 
experiments with proper controls and optimized workflows, biologists can generate the 
highest quality data that will give them the power to derive more meaningful conclusions 
about biology. We have also provided two example experiments (Fig 2) to demonstrate 
how a biological question is translated through the major steps of quantitative bioimaging 
to generate data and a biological conclusion.  

 
 

 
The following list provides questions to consider before embarking on a quantitative 
bioimaging experiment. 
Sample Preparation 

● What is the most appropriate sample type for me to use - cultured cells, tissue sections, 
whole organisms? 

● What samples and/or conditions will I test, including positive and negative controls? 
● What dyes or stains (if any) will I use? 
● Is my fluorophore combination appropriate? 
● What controls must I perform to assess the health of my sample? 
● What controls must I perform to address the specificity of my reagents? 

Image Acquisition 
● What microscope modality should I use? Do I need confocal? 
● Is the microscope modality appropriate for my sample type? 
● Am I using the right objective for my sample? 
● Are the filter sets appropriate for my fluorophore combination? 
● Are my acquisition settings appropriate and consistent? 

Image Analysis 
● Have I determined the correct metric for what I want to measure in my images? 
● Have I set up my analysis correctly to generate quantitative data? 
● Are my measurements made equivalently for controls and experimental samples? 
● Are all code, scripts, pipelines etc. included with my publication materials? 
● Is all of the raw data accessible or included with the publication? 

Data Interpretation 
● Do qualitative figures comply with best practices on colors used, annotations, and other 

adjustments? 
● Do all microscopy images include a scale bar? 
● Have all adjustments made to qualitative figures been disclosed in compliance with best 

practices and journal policies? 
● Have appropriate summary statistics been used for quantitative figures? 



 

● Do my quantitative figures allow the reader to assess the shape of the distribution, 
including individual plot points wherever possible? 

 
Box 1. Checklist of key questions for bioimaging experiments, broken down for each major 
element of quantitative bioimaging.  
 

 
 
For those looking for more specific recommendations after reading this article, we have used 
Jupyter Book [1] to create a beginner-friendly interactive companion website at 
www.BioimagingGuide.org. Within, we discuss additional concepts and tips for each section and 
link to additional high quality, open source resources providing in-depth information on 
specialized topics. By partnering our high-level overview with a more detailed online resource, 
we aim to provide an on-ramp for a biologist’s first bioimaging experiment as well as a path to 
sustained learning in the bioimaging community. 

Sample Preparation 

General 
A high quality imaging experiment begins at the bench. The best performing microscope will not 
produce good quality data unless sample preparation is optimized first. Optimal sample 
preparation helps control for optical aberrations during the microscopy and enables more 
accurate measurements. When comparing multiple samples, samples should be processed in 
parallel whenever possible, using the same reagents to avoid technical variability. Positive and 
negative controls should always be included to ensure that sample processing went as 
expected and did not introduce artifacts to the imaging [2]. 
 
Some aspects of sample preparation are generalizable; major decisions can be roughly divided 
by preparations designed to be imaged through a coverslip versus preparations where the 
objective is in direct contact with the sample itself. Most standard applications require imaging 
through a coverslip, and for most high-resolution imaging experiments, glass thickness should 
be 0.17 mm (or #1.5 grade coverslips). Using a different thickness does not mean the 
experiment will not work, but since most objective lenses are corrected for this specific 
thickness, the image of the sample is brighter, appears sharper, and has better resolution and 
contrast. It is also critical to choose an appropriate immersion (e.g., air, oil, or water) for the 
sample holder, objective, and application. All major microscopy manufacturing companies 
manufacture one or more varieties of their own immersion oil. Each oil is optimized for the 
company’s lenses and sometimes further optimized for specific uses like brightfield or 
fluorescence imaging.  In contrast to approaches utilizing coverslips, microscopy techniques 
such as tissue and intravital imaging as well as lattice light sheet microscopy use dipping 
objectives where the objective is partially submerged with the sample. This removes concerns 



 

about glass thickness and immersion between glass, but adds considerations about the 
composition and refractive index of the sample buffer. 
 
A general principle related to fluorescence imaging is that when selecting fluorophores, one 
must keep in mind compatibility with the specimen, available illumination sources and filters, 
and the overall sample preparation workflow. In general, bright and photostable fluorophores 
are critical, especially when doing live cell imaging, as their use minimizes phototoxicity and 
photobleaching, which can affect reproducibility in live cell imaging. In general, organic dyes are 
brighter and more photostable than fluorescent proteins but generally cannot be genetically 
encoded. If performing multi-color imaging, pay attention to whether the spectra of the different 
fluorophores are overlapping [3]. 

Live samples 
The health of a living sample should always be prioritized, especially as stress is cumulative. As 
mentioned above, imaging typically requires glass as the sample interface, but many cell types 
grow poorly when grown directly on glass [4]. To combat specimen incompatibility, the glass can 
be coated (e.g., with poly-L-lysine, gelatin, fibronectin) or dishes constructed out of optical 
polymers designed to be compatible with the immersion oil [5]. To help determine what works 
for a specific cell type, we recommend looking in the literature at what others have used; the 
substrate used can affect biological processes. Please note standard tissue-culture plastic is 
autofluorescent, so avoid regular culture dishes if possible.  
 
The imaging media will affect both sample health and signal. Agents such as antioxidants and 
reactive oxygen species scavengers can be added to the media to reduce phototoxicity and 
photobleaching but must be tested for effects on the health of the sample [6,7]. Typical media 
components such as phenol red, fetal bovine serum, riboflavins and vitamins can produce a 
high fluorescence background; thus, the components added to media must be balanced such 
that the sample is healthy, but also signal is detectable [8–10].  
 
Choosing dyes and fluorescent proteins with longer excitation wavelengths (e.g., NucRed 
instead of Hoechst) and using gentler illumination settings (lower irradiation, shorter exposure 
times, etc) will reduce phototoxicity and facilitate longer periods of imaging. It is always a good 
idea to simultaneously monitor the sample in brightfield mode during imaging, as certain 
morphological changes readily visible in brightfield (e.g., blebs, condensed nuclei, rounded 
cells) can indicate cell stress.  

Fixed samples 
The final quality of labeling in fixed samples depends on proper fixation and permeabilization. 
The type of fixative, its concentration, and the fixation conditions (e.g., temperature, buffer 
components, and fixation length) have large effects on the preservation of the cellular structures 
and the general morphology of the sample. When possible, it is useful to assess how fixation 
affects morphology by comparing to live speciments. As with many other aspects, the fixation 



 

type and conditions should be optimized for each sample and staining. One example is 
immunofluorescence experiments, in which antibodies are used to label proteins of interest, 
permeabilization is needed so that antibodies can access the intracellular space. It is important 
to note that permeabilization can remove soluble proteins and lipids that are not cross-linked, so 
this step must also be optimized for a given target.  
 
The key to successful immunofluorescence labeling is to validate the antibody and to use the 
appropriate controls. Do not assume that antibodies have been validated to ensure specificity to 
the target protein. Additionally, secondary antibodies can bind nonspecifically to different cellular 
structures. It is important to take the time to validate each antibody, as the issues with antibody 
integrity are well known [11].  Appropriate blocking during immunofluorescence labeling will 
reduce nonspecific binding, but non-optimal blocking conditions can increase background, so 
testing the effect of blocking as well as secondary-only controls are important during the 
optimization process. Isotype controls are also highly recommended, and when possible, 
knockdown and knockout controls are the gold standard for testing the specificity of the primary 
antibody.  
 
In addition to immunofluorescence labeling, dyes are available that specifically label different 
cellular components (e.g., MitoTracker and DAPI, see Fig 2). When using such dyes, follow the 
manufacturer’s recommendations, as some do not withstand fixation. If detecting genetically 
expressed fluorescent proteins in a fixed sample, note that the fixative can affect the structure of 
the fluorescent proteins and alter their localization [12,13]. If the signal is no longer detectable 
after fixation, the fluorescent protein can be immunolabeled.  
 
The last consideration for fixed samples is the mounting medium. Different mounting media are 
not alike and have varying compatibility with different fluorophores. Mounting media maintain 
the appropriate pH for the fluorophore, have photobleaching-reducing agents and have a high 
refractive index (RI) meant to reduce aberrations due to a mismatch in RI between the sample, 
the coverslip, and the immersion medium. Many mounting media come with DAPI, but these 
may produce high background or uneven staining in tissue sections and thus should be 
validated before use [14,15].  
 

Selecting a sample type 
Cultured cells (e.g., stable cell lines, stem cell-derived or dissociated cells) are one of the most 
widely used sample types to address biological processes in image-based science, especially 
because they are easy to maintain and observe under a microscope. However, this is an 
artificial system, as cells usually exist within the context of a tissue or organism. Thus, for some 
biological questions, more complex systems like whole tissues or 3D organoids may be more 
appropriate. 
 
Whole tissue is more difficult to stain and image. Staining efficiency is affected by antigen 
accessibility and tissue penetration of the antibody or stain. Image quality is reduced by the 



 

different structures that heavily scatter light. While tissue sectioning may be an appropriate 
solution for imaging some thick tissues, imaging thin sections limits three-dimensional 
information and therefore imaging intact tissue is sometimes necessary. In this case, tissue 
clearing may be used to make the sample transparent and thus limit light scattering. Tissue 
clearing comes in many varieties and new methods are constantly being published [16]. Thus, it 
is a good idea to do a literature search to select a method that has been successful for a 
particular sample and/or target. Additionally, most clearing techniques require special objectives 
and/or microscope modalities and are not suitable for all imaging setups.  
 
For live tissue, ex-vivo techniques can be used [14] where an excised piece of tissue is kept 
alive in a chamber providing oxygenated media and flow. However, this imaging requires 
heating, flow, and oxygenation equipment in addition to the microscope and must be carefully 
planned. 
 
Another alternative for imaging living cells in context is intravital imaging [17]. In most cases, 
surgery is used to generate “optical windows” in an organism to access the specific organ or 
feature of interest. Like ex-vivo imaging, specific environmental conditions and equipment are 
required to maintain optimal imaging conditions and specialized instrumentation may also be 
required (e.g., multiphoton microscope). Please note, intravital imaging requires skilled 
veterinary technique and approval by an institutional ethics committee. 
 
Most of the time sample preparation is determined by the target biological question (e.g., an 
experiment measuring cell motility can’t be done on fixed samples), but when there are multiple 
options, consider techniques that will best preserve the pertinent signal, ideally with minimal 
changes to cell biology. 
 

Image Acquisition 
Fluorescence microscopes are available with a large number of features and capabilities [18].  
Before deciding which type of microscope will best suit the experiment, consider the optical 
properties of the sample. 

Optical properties of the sample 

As a starting point, it is important to consider the sample in terms of its transparency and 
thickness. Relatively thin specimens such as tissue culture cells and ultrathin cryosections (<10 
µm thick) do not absorb or scatter light significantly, so they can be readily imaged using 
standard widefield [19] and some types of super-resolution [20,21] microscopy.   

Tissue sections thicker than 10-20 µm absorb and scatter more heavily, and alsointroduce 
significant out-of-focus fluorescence, leading to haziness and blur in the image. Good choices 
here are confocal microscopy [22] and/or computational deconvolution [23] techniques. These 
approaches allow acquisition of “optical sections” that enhance contrast and resolution 



 

compared to widefield techniques. If lacking a confocal microscope, a good option for samples 
with thicknesses up to about 20 µm is to combine widefield with deconvolution, which 
computationally improves the sharpness and resolution of images by removing out-of-focus 
light. From 20-150 µm, confocal or multiphoton microscopes are the gold standard for optical 
sectioning. 

Confocal microscopes reach their usable imaging limit at about 100-150 µm due to absorption 
and scattering, though the maximum depth can vary depending on the optical properties of the 
sample. Multiphoton microscopy [24] allows imaging of thicker sections by using longer 
wavelength lasers to excite fluorescence. When working with fixed tissue, optical clearing 
[16,25] can improve tissue penetration in most fluorescent microscopy varieties. Optical clearing 
combined with light sheet [26] microscopy is the gold standard for whole tissue imaging. Light 
sheet microscopy is also useful for inherently clear samples such as fixed whole embryos from 
various species and for observing development of live specimens in early developmental 
stages.  

Not every lab will have access to all types of microscopes, and it is important to remember that 
an experiment done on a nearly-as-good microscope is more informative than an experiment 
never done because the perfect microscope could not be accessed. Much can be done in a 
basic widefield microscope (e.g., second scenario in Fig 2); when not sufficient, other labs or 
intitutions may allow access to the optimal microscopes needed. If needed, there are also 
several global opportunities to access microscopes through collaborative initiatives that are 
working to increase accessibility (Table 1). 
 
 

Sample Preparation 

Resource Name Link Brief description 

FPbase [3] https://www.fpbase.
org/ 
 

Database for identifying fluorophores by brightness, 
spectra and assessing compatibility with other 
fluorophores and with microscope filters 

Bio-protocol https://bio-
protocol.org/en/abo
ut  

Website to search for protocols across biological 
disciplines, including protocols associated with work 
published elsewhere. All protocols are available under 
an open access license (CC BY or CC BY-NC) 

protocols.io https://www.protoco
ls.io/  

A secure platform for developing and sharing 
reproducible methods  

Designing a 
rigorous 
microscopy 
experiment: 
Validating 

https://rupress.org/j
cb/article/218/5/145
2/120908/Designing
-a-rigorous-
microscopy-

Review of aspects of designing a rigorous light 
microscopy experiment, including validation of samples 



 

methods and 
avoiding bias 
[27] 

experiment  and imaging, identification and correction of errors, and 
strategies to avoid biases 

Image Acquisition 

Resource Name Link Brief description 

Nikon 
MicroscopyU [28] 

https://www.microsc
opyu.com/microsco
py-basics  

Fundamentals of microscopy explained for beginners 
with lots of images and plain language descriptions of 
terms used in microscopy 

Fluorescence 
microscopy - 
avoiding the 
pitfalls [29] 
 

https://journals.biolo
gists.com/jcs/article
/120/10/1703/29404
/Fluorescence-
microscopy-
avoiding-the-pitfalls  

Short overview of some of the most common pitfalls for 
beginners to fluorescence microscopy 

Best practices 
and tools for 
reporting 
reproducible 
fluorescence 
microscopy 
methods [10] 

https://www.nature.
com/articles/s41592
-021-01156-w  

Guidelines and resources for accurate reporting of the 
most common fluorescence light microscopy 
techniques, emphasizing the impact of accurate 
microscopy metadata on data interpretation. 

Advanced 
Imaging Center 

https://www.aicjanel
ia.org/apply 

Access to the state of the art microscopy instruments 
and imaging experts 

Africa 
Microscopy 
Initiative 

https://www.microsc
opy.africa/  

Access to advanced microscopes, molecular biology 
and cell culture equipment for scientists in Africa 

Euro-Bioimaging  https://www.eurobio
imaging.eu 

Access to microcopy instruments and training for 
scientists in Europe 

Image Analysis 

Resource Name Link Brief description 

Image.sc [30]   https://forum.image.
sc/ 

Discussion forum for bioimage analysis software 

Peter 
Bankhead’s Intro 
to Bioimage 
Analysis [31] 

https://bioimageboo
k.github.io/ 

Guide for absolute beginners to image analysis, 
including embedded questions/answers, exercises with 
Python and ImageJ, and videos to check understanding 



 

Reproducible 
image handling 
and analysis [32] 

https://www.embopr
ess.org/doi/full/10.1
5252/embj.2020105
889  

An article reviewing major pitfalls in image handling and 
how to avoid them and create reproducible analysis 
workflows 

Made to 
measure: an 
introduction to 
quantification in 
microscopy data 
[33] 

https://arxiv.org/abs
/2302.01657#  

An article describing several common classes of 
measurements made in microscopy data, as well as 
technical factors that may affect the results 

A Hitchhiker's 
guide through 
the bio-image 
analysis software 
universe [34] 

https://febs.onlinelib
rary.wiley.com/doi/f
ull/10.1002/1873-
3468.14451  

An article that gives guidance and a glossary of 
available image analysis software and packages 

BioImage 
Informatics 
Index[35,36] 

https://biii.eu/ Repository platform for searching bioimage analysis 
tools and workflows based on the problem, method or 
software of choice 

iBiology 
Bioimage 
Analysis video 
series 

https://youtu.be/1xo
4vi6Ub4I  

Video series that introduces Bioimage analysis, 
including overviews of image processing, segmentation, 
tracking, making and interpreting measurements, tips 
and pitfalls 

Bioimage 
ANalysis 
Desktop (BAND) 

https://band.embl.d
e  

Access to virtual desktops allowing access to bioimage 
analysis software from a browser 

Galaxy Imaging 
Node  

https://imaging.use
galaxy.eu/  

A Galaxy[35] node prepopulated with a number of 
open-source image analysis tools and workflows, 
making it easy to create and share reproducible FAIR 
workflows 

Data Interpretation 

Resource Name Link Brief description 

Creating clear 
and informative 
image-based 
figures for 
scientific 
publications [37] 

https://journals.plos.
org/plosbiology/artic
le?id=10.1371/journ
al.pbio.3001161  

Review article on how to create accessible, fair 
scientific figures, including guidelines for microscopy 
images 

Modern Statistics 
for Modern 

https://www.huber.e
mbl.de/msmb/ 

Online statistics for biologists textbook with code 
examples (in R) 



 

Biology [38] 

Community Resources 

Resource Name Link Brief description 

Global 
BioImaging 

https://globalbioima
ging.org/ 

Training resources, working groups, recommendations 
for standardization and research reproducibility for 
global bioimaging efforts 

Region Specific Community Resources  

BioImaging North America (BINA) https://www.bioimagingnorthamerica.org/ 

Latin America BioImaging https://www.latambioimaging.org/  

African BioImaging Consortium  https://www.africanbioimaging.org/  

South Africa BioImaging https://www.sabioimaging.org/  
 

Euro-bioimaging https://www.eurobioimaging.eu/  

Advanced BioImaging support (Japan) https://www.nibb.ac.jp/abis/  

Microscopy Australia https://micro.org.au/ 

Canada BioImaging https://www.canadabioimaging.org/  

Singapore Microscopy Infrastructure 
Network 

https://www.singascope.sg/  

 
 
Table 1. Beginner-friendly resource list. A collection of beginner-friendly, online, open access 
resources for each stage of a quantitative bioimaging experiment and community resources.  
 

Microscope settings  
Once a microscope is chosen, it is time to work out the optimal conditions for image acquisition. 
When acquiring images, no matter how simple or complex the microscope, take the time to 
understand the microscope light path from the light source to the detector(s) [28]. Knowing 
which components in the light path impact image quality enables accurate adjustment of their 



 

settings for the application as well as troubleshooting any minor issues with the equipment such 
as incorrect filters, prisms, etc. being in the path when they should not be. 
 
Pay particular attention to the major components that will impact the quality of the images. The 
following is a summary of key features and their typical adjustments to look out for. Note that 
while these parameters are necessary, one must also check that the microscope is in good 
working order (e.g., cleaned per manufacturer instructions, appropriately calibrated, objectives 
attached securely, brightfield light path is aligned correctly for Köhler illumination if brightfield 
imaging is being used). The maintainer of the microscope will typically do this on a regular basis 
but speak with them about any known issues for a given microscope and how to detect and 
solve them. 
 
Standard microscopes will contain a variety of components; certain components like the light 
source, objectives, filters, and detector (e.g., camera) are critical to good image quality. On a 
widefield microscope, the light source used for visual observation is often the same as for data 
acquisition. Advanced systems may have separate light sources for visual observation versus 
data acquisition. While the light path is fixed for fluorescence on most microscopes, it is often 
composed of several independently movable components for brightfield and must be properly 
aligned and calibrated before use.  
 
It is important to choose an objective that has both the magnification and resolving power 
necessary for the experiment. While magnification is important, the resolving power of the 
objective is the most critical feature and is defined by the numerical aperture (or NA) and the 
wavelengths used for imaging. The NA is the measure of the light-gathering ability of the 
objective and determines how well fine features in a specimen will be resolved. Increasing NA 
will improve both resolution and how efficiently fluorescence emission is collected.  
 
The color correction of the objective lens (usually labeled as Fluor, Apo, or Super Apo on the 
lens) is critical for multicolor imaging. It allows focusing on different colors at the same plane 
allowing multiple different-colored objects to be in focus at the same time. “Fluor” typically 
focuses two colors at once, while “Apo” and “Super Apo” can handle three to six different colors. 
The Working distance (WD, in millimeters) determines how far a lens can focus into a sample. 
This also includes the thickness of the coverslip and any mounting media, so be sure the 
working distance is far enough to reach the sample. If the microscope has trouble focusing on 
the sample and seems to “run out” of focus, it is often because the working distance of the lens 
is too short. 
 
For fluorescence microscopy, one must match the filter sets to the fluorophore absorption and 
emission spectra. For quick reference on the spectral characteristics of different fluorophore 
combinations, consult a spectral viewer [3]. Using a mismatched filter can lead to flawed 
conclusions or even prevent imaging at all. 
 
Most instruments use either a camera (widefield/super resolution/light sheet) or photomultiplier 
Tube (PMT) (confocal/multiphoton) for the detection of fluorescence emission. The detector 



 

converts fluorescence photons emitted from the sample to an electrical current that is then 
digitized, and encoded as a number in the digital file that captured. Each point imaged on the 
sample corresponds to a pixel viewed in the final image. In applications where the goal is to 
detect a fluorescent reporter, the ratio of the encoded pixel value in areas with fluorescence to 
areas without fluorescence is often referred to as the signal-to-noise ratio; at higher signal-to-
noise ratios, finer gradations in the amount of reporter present can be detected.  
 
For cameras, adjusting the exposure controls the amount of time the camera is collecting 
emission light to form an image. The optimal exposure time will depend on the brightness of the 
sample relative to the intensity of the excitation light. Dimmer specimens require either higher 
intensity excitation light or longer exposure times. Standard practice is to adjust the excitation 
intensity to expose the specimen to the lowest dose of excitation light possible to minimize 
photobleaching and phototoxicity. When using fluorescence, fluorophores often photobleach 
easily so it is better in general to use a lower illumination power and longer camera exposure 
when using camera-based systems. Exposure time is  particularly important for live cell 
experiments where many images are acquired over time to capture a dynamic process. Longer 
exposure times will also increase the overall image acquisition time. If long exposure times are 
needed, the field of view, or size of the region being imaged, can be reduced to produce a 
smaller image and minimize acquisition time. For scanning systems that use PMTs, consider 
line (or frame) averaging to improve the signal-to-noise ratio. Overexposure, also known as 
saturation, can be caused by excitation light that is too intense or exposure times that are too 
long and will render images unsuitable for quantification of intensity.  
 
In conclusion, the microscopy image is more than a picture; it is a data set that must be as high 
quality and reproducible as possible. It is often necessary to balance competing needs for 
spatial resolution, number of targets, and, when examining dynamic processes, acquisition 
speed. Optimization by definition is iterative, and we recommend testing out different settings 
before finalizing. Review and analyze preliminary data before finalizing an approach for the 
whole project. Finally, the imaging parameters of the microscope used must be recorded and 
reproduced within each experiment [10]. 

Image Analysis 

Common image analysis methods  
Microscopy images are ultimately composed of digital numbers, which makes them a very 
powerful data source if used correctly. What we typically think of as pictures are grids of pixels, 
each with a brightness (intensity) represented by a number, as mentioned in the previous 
section. As a biologist, image analysis allows for the translation of these numbers into insights 
that can answer biological questions. Example questions include:  

1. Are cells in this treatment expressing more/less protein than controls? 
2. Does the subcellular localization of this protein change in different treatments? 
3. How many spots (e.g., mRNA molecules) are in each cell? 



 

4. How do these cells move, divide, or change over time? 
 
While some biological questions can be solved with whole image measurements, many 
biological questions, like all the above, require measuring individual ‘objects’ within images.  
Objects can be cells, or anything that can be measured individually in the image (e.g., tissue 
sections on a slide, spots within cells, fluorescent beads, bacteria).  Sometimes this 
measurement is as simple as counting objects present in an image. Identifying the presence of 
an object (e.g., by finding its center, but not delineating its borders) is referred to as detection. 
For other workflows, the number of objects alone is insufficient and other measurements about 
those objects are needed, such as the diameter of cells under different drug treatments. In this 
case, a further process known as segmentation is likely necessary. Segmentation is assigning 
the pixels in an image to different objects.Segmentation typically involves thresholding the 
image, or deciding that pixels with intensities above a certain level belong to objects of interest 
and the rest are background. We will focus on segmentation here as it is a common process in 
many bioimage analysis workflows, though new approaches with deep and machine learning 
are also being developed that can extract meaningful features without requiring delineated cell 
boundaries [39]. 
 
In practice, segmentation can be especially challenging and a simple threshold of the original 
image is rarely sufficient. Image processing is a category of operations that filter or transform an 
image to either correct for aberrations or make segmentation easier (e.g., noise suppression). 
The end goal of this processing and segmentation is to create a mask of objects, a map where 
pixels are labeled according to which object they belong (see Fig 2 for an example). A common 
source of confusion for beginners is what is ‘allowed’ when processing images. In general, 
anything that is reproducible and produces more accurate segmentation is fair game.  There is 
some interpretation involved in defining ‘accurate’ segmentation, but as a good practice, we 
recommend overlaying outlines of identified objects on the original images to help assess 
segmentation accuracy.  
 
Images can have distortions due to microscope optics and illumination sources that can be 
corrected with image processing. Objective lenses can cause images to have a brighter center 
due to radial falloff and spherical aberration. Additionally, anything in the light path can have 
autofluorescence that will increase the background intensity.  These distortions can be 
corrected using illumination correction and background correction. Some microscopy systems 
can apply a correction during the imaging process but others require correction after, which can 
be part of the image analysis workflow. 
 
When measuring the intensities of pixels belonging to objects, be sure to do so on the original 
images or the corrected images if background correction or illumination correction are used, and 
not on otherwise-processed images that may have been used for segmentation. Intensity 
measurements may not be required if the question of interest is better answered using shape 
descriptors and/or the number of objects alone; when using shape descriptors, it is critical to 
ensure that the spatial calibration (pixel size) is correct. 
 



 

The image processing, segmentation, and measurement steps may be combined in what is 
often called an image analysis "pipeline" or "workflow". A typical pipeline might begin with 
general steps for image processing: denoising, illumination or background correction, and finally 
enhancing the corrected images to better detect the objects of interest. The resulting processed 
images are used to segment the objects of interest. Finally, the object locations and boundaries 
can be used to measure object intensity on the corrected images. 
 
The specifics of the image analysis pipeline as well as the relevant measurements will vary 
depending on the sample, microscopy, and biological question posed. We present two specific 
examples of common fluorescence microscopy image analysis workflows (Figure 2) and a list of 
additional resources (Table 1). The accompanying companion website also includes detailed 
explanations of some of the common image processing operations and discussion of common 
pitfalls. 

Software  
Once the biological question has been defined and the type of analysis decided, the next step is 
to select appropriate image analysis software. There are many options to pick from; we have 
narrowed down the list to free, open source software that have a high degree of interoperability 
(e.g,. file types, outputs) with other software. It was also important to pick software with good 
documentation including manuals and tutorials, and a history of user support. Finally, we focus 
on software that is easy to use, allows users to create reproducible analyses, and can process a 
large quantity of images. We summarize a few popular image analysis software solutions that 
meet these criteria below. 
  
First, ImageJ is a tried and true basic image analysis software that can be extended further with 
the use of plugins or the “batteries-included” distribution Fiji [40–42]. Next, CellProfiler allows 
users to create image analysis pipelines that are easily scalable to use for thousands of images 
[43]. Third, Icy is not only an image analysis software but also a platform for exchange of 
protocols within the image analysis community [44]. For histopathology applications, QuPath is 
a tool optimized for handling large pyramidal 2D images, like those generated from slide 
scanners [45]. For easy-to-use machine learning pixel classification, ilastik allows users to 
segment, classify, and analyze their images [46]. Finally, napari is a highly supported image 
analysis tool that allows non-programming users to use data analysis tools written in Python 
[47].  

Extensive curated lists of other open source software can be found in the Image Analysis 
section of Table 1. No matter the software chosen, make sure to report any tools used, including 
version numbers where available. Also check for how the authors wish their software to be 
referenced, which often includes citing a specific publication. This is particularly important for 
open-source tools because the authors typically depend on grant funding to continue 
maintaining and advancing the software, and citations are a critical metric for obtaining funding 
[48]. 



 

Data management and sharing 
Recent advances in microscopy such as whole-brain imaging or sophisticated computer-
controlled imaging experiments can easily generate an amount of data in the terabyte range. 
Traditional methods of storing and retrieving data are no longer a viable option. Furthermore, 
funding agencies are now integrating data management plans into the requirements for a 
successful grant application. The reproducibility crisis [49,50] has spawned community-lead 
initiatives to tackle the problems that come along with big data. FAIR (Findable, Accessible, 
Interoperable, and Reproducible) principles are no longer a fringe initiative, but are part of the 
default research vocabulary [51]. Groups like QUAREP-LiMi have emerged to provide 
guidelines for image formatting, data availability, and reporting image analysis workflows, to 
increase the adoption of FAIR principles in published microscopy images and data [52]. Two 
notable actively maintained platforms for data management are OMERO [53] and OpenBIS [54]. 
OMERO emphasizes image data management and sharing. OpenBIS aspires to be a 
comprehensive platform for scientific data, including reagent inventories, lab notebooks, and 
experimental data repositories.  
 
When properly annotated with metadata of how it was created, bioimages can be a long-term 
resource for the scientific community that may be re-interpreted or re-analyzed with different 
goals in mind. While image data in papers at the moment is often not freely available but instead 
‘available upon request', sharing one's image data can lead to new insights beyond what was 
conceived of in the original project. Several repositories (Zenodo [55], figshare) and dedicated 
image archives (EMBL-EBI BioImage Archive; [56] or Image Data Resource (IDR; [57]), as well 
as a number of government agencies (e.g. NDA from the NIMH, TGCA NC; [58]), allow 
scientists to make image data available long term. In addition, dedicated annotated (added-
value) databases are beginning to emerge that contain curated data and images to be further 
analyzed [59,60].  
 
With regards to data management, using version control is critical for large datasets and 
complex analysis pipelines but good practice at any data size. Version control is the ability to 
keep track of changes to a script or document and switch to different versions at any time 
without losing the others. Version control is used extensively in the software industry and in 
code repositories such as GitHub, but it can also be found in cloud document editing (e.g., 
Google Docs), where versions are kept automatically. One interesting tool for version control 
that is popular in neuroimaging is Datalad[61]. Built on top of established version control 
software (Git), it provides an easy means to track changes to entire datasets, rather than only 
code. 

Data Interpretation 
Image data can support scientific observations both qualitatively (figures) and quantitatively 
(number tables and plots) and at times the same image data may be reused for either direction. 
Scientists should familiarize themselves with the distinction between quantitative and qualitative 



 

data analysis as requirements for image formats and image handling differ. Hereafter, we 
discuss important aspects about the presentation and interpretation of these two kinds of output. 
 

Qualitative data: image figures  
Image figures show a representative observation, a qualitative finding, or a range of possible 
states. Image figures primarily serve as a qualitative assessment of the data, and as such no 
quantifications should be performed on images prepared for presentation purposes. To this end, 
consider presenting the images in “adequate resolution” that is suitable to support the claim. 
Precise pixel-sizes necessarily depend on the image acquisition method, object size, and 
experimental objective. Image figures require a detailed method section (sample preparation, 
imaging setup, etc. [62]) and a figure legend briefly explaining image object (specimen, tissue, 
cell type), colors (fluorophores, stainings, dyes) and all annotations [52].  
 
When adjusting images for presentation, it is acceptable to adjust the image size, orientation, 
and the frame (crop). Note that depending on the software used, pixel information may be 
redistributed when images are rotated. All formatting adjustments that do not change the 
conclusions are allowed, provided one is familiar with instances that would be considered 
misleading [63]. For example, adjustments of the brightness and contrast are permitted when 
they are required to display observations faithfully; adjustments that remove image details or 
scale intensity nonlinearly are generally considered misleading [63,64]. 
 
To allow broad accessibility, authors should carefully choose the colors used in images. 
Fluorescence microscope image data is usually collected in grayscale and may be presented as 
such to best present image details (see Fig 2 for an example). Often fluorescent channels are 
shown in the color representing the capturing wavelength (e.g., blue, green, red); however, 
authors should be aware that color-coding intensity values on a black background can reduce 
the level of detail depending on the color used [37]. When multi-color images are shown, 
consider whether color combinations are accessible to color-blind audiences. For example, do 
not combine red with green, but rather use magenta and green, (see [37] and Fig 2 for 
examples) and possibly additionally show individual channels in grayscale to maximize 
accessibility and visual detail. Tools for color blindness simulation exist in image processing 
software (ImageJ/Fiji) and visibility of colors in final image figures can be tested with 
applications such as ColorOracle [65].  
 
Interpretable images must contain at minimum an indication of the physical size of the object 
shown, most often done with a scale bar. Unfortunately, scale information is missing or 
incomplete in almost 50% of biology publications [37]. Annotations added to images should be 
explained in figure or in the figure legend. Annotations may include symbols, arrows, letter 
codes, regions of interest, and zoomed insets. Annotations are almost never useful in the 
abstract, but must be paired in the figure or its legend with an explanation of all colors and 
symbols used within the figure to be fully interpreted. 



 

Quantitative data: measurements and statistics  
Quantitative assessment of images begins with ensuring that all images to be analyzed are 
suitable for meaningful comparison. Measurements from images are affected not only by 
biological phenomena that are of interest to the researcher, but also by confounding variables 
(e.g., the time each plate sat at room temperature before imaging) [33,66]. Mitigating these 
effects starts with keeping track of metadata about the experimental and imaging conditions [67] 
and carefully designing the sample preparation and microscopy to minimize differences 
between samples destined for quantitative comparison. 
 
Statistics provides a formal way to utilize measurements extracted from images in order to 
answer a specific question. The path towards identifying an appropriate statistical analysis is 
composed of three steps: 1) formulate a clear question, 2) identify a statistical tool (metric, test) 
that can answer that question, 3) understand the underlying assumptions of that tool, and 
whether the measurements considered satisfy these assumptions. While a full treatment of 
statistics is beyond the scope of this paper, a few common questions recur. 
 
The first task is typically to determine which metric(s) should be used. It can often be 
complicated to decide between a host of similar metrics to find the best match for the biological 
question; the more specific the question, the greater the chance of success. "Did expression of 
marker X change in these cells?", for example, could be answered by looking at the total 
intensity of a given fluorophore, its mean intensity, its distribution across certain parts of the cell, 
or via many other metrics as well; "Did the total amount of marker X increase within the 
nucleus?" is easier to use for metric selection. 
 
Once a metric is selected, it is typically compared statistically across a number of conditions; 
while many statistical tools assume that the data/measurements considered follow a 
Gaussian/Normal distribution, this is rarely the case in biological data [68]. Pixel values in 
microscopy images are most often composed of different groups (e.g., background and 
foreground intensities, positive and negative phenotype), resulting in multimodal distributions of 
measurements. The validity of the assumption of normality can easily be verified relying on tests 
such as the Kolmogorov–Smirnov [69] or the Shapiro–Wilk [70] tests.  
 
The statistical considerations listed here are crucial to consider before data collection has been 
completed, as the number of images acquired at the microscope is best chosen based on the 
number of samples required to detect an effect of interest. How many independent samples are 
required, however, depends on the statistical analysis being performed and on an assumed 
statistical model of the studied dataset, such as how large of an effect size is expected between 
conditions and the amount of technical variability that will be seen. Pilot experiments and pilot 
analyses of candidate metrics are critical in estimating these factors; estimates allow the use of 
power analysis [71] to empirically determine the number of samples that must be acquired in each 
replicate of the final experiment. Further complicating the issue of sample number, what is 
considered as "an individual sample" depends on the experimental question. Depending on the 
information being sought, individual samples may be biological replicates (e.g., animal), technical 



 

replicates (e.g., individual petri dishes or wells), or individual cells. In calculating and reporting 
summary statistics, one must be explicit about what level of data is being compared; where 
possible, consider displaying quantitative data using approaches that display summary statistics 
(e.g., the mean) alongside the individual data points (see Fig 2 for an example), such as 
demonstrated with SuperPlots [72].  
 
Resources in Table 1 dig further into these questions and provide deeper insights into the most 
common statistical tools used in biological research and/or bioimaging. 



 

 

Conclusion 
The success or failure of a microscopy experiment ultimately rests upon the decisions made in 
its design and execution; here, we have presented general guidelines and basic concepts that 
can guide the decision-making process when designing one's experiments. Designing 
experiments so that they can be quantitative and reproducible not only benefits the experimental 
scientist but also the greater community. To that end, we strongly recommend that data, 
analysis pipelines, and other resources be made open source and freely available to the public. 
The information presented here is not exhaustive and we further recommend consulting with 
experts, exploring resources linked here and on the companion website, and reading relevant 
published literature and protocols.  
 
Finally, the bioimaging and bioimage analysis communities have in recent years created rich 
online spaces which can be accessed via the forums forum.image.sc and forum.microlist.org. 
On these forums, members can pose questions to imaging and image analysis experts, ranging 
from issues with specific software to general experimental design questions and questions 
about controls. These forums foster an inclusive, friendly environment for beginners and experts 
alike, with the goal of making expert advice more accessible, especially for scientists at 
institutions without a dedicated imaging or image analysis core facility. While many factors go 
into the design of a bioimaging experiment, with education and advice on critical decisions, one 
can procure the best chance at success.  

Acknowledgments 
The authors thank Anne Carpenter, Ellen Dobson and Pearl Ryder for helpful discussions 
regarding important resources to highlight.  
 
 
For the purpose of open access, the author has applied a Creative Commons Attribution (CC 
BY) license to any Author Accepted Manuscript version arising from this submission. 

Funding 
Funding was provided by the National Institutes of Health (NIH COBA P41 GM135019 to BAC 
and KWE). This project has been made possible in part by grant number 2020-225720 to BAC 
from the Chan Zuckerberg Initiative DAF, an advised fund of the Silicon Valley Community 
Foundation. VU is supported by EMBL internal funding. ELE is supported by a Morgridge 
Postdoctoral Fellowship. 
 



 

Figures 

 
Figure 1. The steps of any quantitative bioimaging experiment are mutually 
interconnected. Each quadrant represents one of the four key elements to any bioimaging 
experiment, from sample preparation, to image acquisition, image analysis, and data 
interpretation. Between quadrants, example questions demonstrate how decisions made at 
once level feed forward to affect subsequent steps. Analogously, desired endpoints inform how 
earlier steps should be performed.  



 

 
  

Figure 2. Two quantitative bioimaging example experiments. Each hypothetical scenario is 
broken down into the four major stages of quantitative bioimaging and demonstrates how a 
biological question is translated into an experiment that yields interpretable data. Images are 
sourced from BBBC008v1 [73] and BBBC013v1 (provided by Ilya Ravkin) available from the 
Broad Bioimage Benchmark Collection [73,74]. Created with BioRender.com. 
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