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Three-dimensional imaging flow cytometry:
current trends and future perspectives

Xuanwen Hua, †abc Biagio Mandracchia, †d Zhi Ling,†abef Kidan Tadesse,abe

Hajun Yoo, ab Jin Yan,g Ho Wai Howard Lee ghi and Shu Jia *abej

Imaging flow cytometry (IFC) combines microscopic techniques and flow cytometry, enabling

high-throughput, population-scale single-cell analysis with rich spatial detail and high molecular

specificity. To date, most established IFC platforms are fundamentally built around 2D imaging, which is

inherently limited in its ability to capture the complex 3D morphology, intracellular organization, and

spatially distributed molecular features of single cells under flow. Driven by the growing demand for

volumetric cellular information, IFC has progressively evolved from 2D imaging toward 3D imaging flow

cytometry through a variety of optical and computational strategies. Existing 3D IFC approaches typically

fall into scanning-based and non-scanning modalities, depending on whether volumetric information is

assembled through sequential or parallel acquisition, with each paradigm offering complementary strengths

in 3D imaging performance and cytometric throughput. Here, we systematically compare the underlying

principles and performance characteristics of the most representative scanning-based and non-scanning

3D IFC technologies and discuss current challenges and future opportunities to advance volumetric

cytometric analysis in biomedical and translational research.

1 Introduction

Three-dimensional imaging flow cytometry (3D IFC) aims to
overcome a fundamental limitation of conventional imaging
flow cytometry (IFC): the loss of axial information when
inherently three-dimensional cellular structures are projected
into two-dimensional images.1,2 While IFC successfully
combines the throughput of flow cytometry with the spatial
resolution of microscopy,3–7 it fundamentally compresses
cellular organization into planar representations, obscuring

subcellular architecture and spatial relationships. Recovering
this missing dimensionality expands the space of measurable
phenotypes, enabling direct access to intracellular
organization, morphology, and dynamic processes at the
single-cell level.8

On one hand, many cytometric measurements based
primarily on integrated fluorescence intensity, marker
abundance, cell counting, or coarse morphological features
can be adequately addressed using conventional 2D IFC. On
the other hand, volumetric imaging becomes particularly
important when the phenotype of interest depends on the
true three-dimensional geometry or axial arrangement of
cellular structures and therefore cannot be uniquely inferred
from a planar image. Representative examples include
quantitative analysis of cell and nuclear morphology and
deformation,9–11 the organization and remodeling of
intracellular organelles,12–15 and the spatial localization of
chromatin or internalized nanoparticles within the cellular
volume.16 In these cases, 2D projection can superimpose
structures located at different depths, obscure axial
relationships, and make morphometric measurements
dependent on cell orientation, whereas access to the full
volume enables direct quantification of three-dimensional
shape, internal topology, and spatial heterogeneity.

These capabilities are particularly relevant when structural
reorganization itself constitutes the biological readout.
Volumetric IFC has therefore been applied to the
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characterization of cell-state transitions and apoptosis,
drug-induced remodeling and therapeutic response,
intracellular delivery, and disease-associated phenotypes.17–19

Label-free tomographic approaches further extend this
concept by using three-dimensional refractive-index
distributions to characterize intrinsic cellular and subcellular
properties, including nuclear structure and other biophysical
phenotypes, without exogenous labels.20–22 Thus, the
transition from 2D to 3D is most consequential when axial
information changes the biological interpretation of
morphology, localization, or intracellular organization, rather
than merely providing a more complete visualization. The
central motivation for 3D IFC is to make such volumetric
phenotypes accessible at the population scale, combining the
structural information of 3D microscopy with the statistical
power and throughput of flow cytometry.

Realizing this biological objective requires bridging the
gap between high-throughput cytometry and high-content

imaging23 through the integration of advanced optical
imaging modalities with microfluidic systems. Achieving
volumetric imaging in flow, however, introduces a central
technological challenge: balancing spatial resolution,
acquisition speed, and system complexity.24 To address this
trade-off, a range of complementary strategies has been
developed. Optical sectioning approaches recover
axial information by acquiring sequential focal-plane
cross-sections, typically using custom microfluidic devices or
tilted detection schemes.25–28 These methods provide high
axial resolution and strong sectioning contrast but rely on
sequential acquisition, introducing constraints on
throughput and synchronization with cell motion. In parallel,
computational imaging strategies, including light-field-based
and beam-engineered approaches, encode depth information
into a single or reduced number of measurements, enabling
volumetric reconstruction without explicit scanning.29,30 In
addition to fluorescence-based implementations, label-free

Fig. 1 Evolution of imaging flow cytometry (IFC) from 2D to advanced 3D platforms. Conventional 2D IFC combines high-throughput single-cell
imaging with quantitative analysis (redrawn and adapted with background inverted from the ImageStreamX Mark II system specifications (Cytek
Biosciences/Amnis), with reference to the underlying optical system reported in ref. 35). Scanning-based 3D IFC reconstructs cellular volumes
through axial scanning or multi-view imaging of rotating cells (reproduced from ref. 36–38 with permission from J. Son et al., Lab Chip, Royal
Society of Chemistry, copyright 2023; F. Merola et al., Light: Sci. Appl., Springer Nature, copyright 2017; and M. Zhou et al., APL Photonics, AIP
Publishing, copyright 2025), whereas non-scanning 3D IFC enables instantaneous volumetric acquisition using depth-encoded point-spread
functions (PSFs) or light-field angular encoding (reproduced from ref. 16–18 with permission from L. E. Weiss et al., Nat. Nanotechnol., Springer
Nature, copyright 2020; X. Hua et al., Nat. Commun., Springer Nature, copyright 2024; and Z. Ling et al., Lab Chip, Royal Society of Chemistry,
copyright 2026). Emerging AI-enabled platforms further integrate automated image reconstruction, restoration, cell sorting, and compact
metasurface-based imaging (adapted from ref. 39 and 40 with permission from T. Ding et al., Nat. Rev. Bioeng., Springer Nature, copyright 2025;
and D. Pirone et al., Lab Chip, Royal Society of Chemistry, copyright 2022).
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tomographic approaches reconstruct the three-dimensional
refractive index distribution of cells, providing access to
intrinsic biophysical properties such as mass density and
internal organization.31–34 While these methods extend
cytometry beyond fluorescence contrast, they introduce
additional challenges related to acquisition geometry,
angular sampling, and reconstruction robustness under
dynamic flow conditions.

Taken together, these approaches define a
multidimensional trade space between spatial resolution,
acquisition speed, and experimental complexity. Rather than
converging toward a single architecture, we observe that 3D
IFC technologies have evolved along two primary
operational paradigms: scanning-based approaches, in
which volumetric information is assembled through
sequential acquisition, and non-scanning approaches,
relying on parallel or computational encoding of depth
information. Each paradigm offers distinct advantages and
limitations in terms of imaging performance and
cytometric throughput. Additionally, these 3D IFC
modalities are increasingly integrated with AI-driven
processing and autonomous control to bridge the gap between
high-dimensional data acquisition and high-throughput data
processing and decision-making (Fig. 1).

In the following sections, we first review scanning-based
3D IFC techniques, focusing on optical-sectioning strategies
and their evolution toward higher throughput and improved
integration. We then discuss non-scanning approaches that
rely on multiplexed image acquisition, including
multifocal, beam-engineered, and light-field-based
methods, highlighting their potential for single-shot
volumetric imaging in flow. Finally, we summarize the
biological applications of these technologies, compare
their key trade-offs, and discuss emerging opportunities
for more compact, computationally integrated, and
autonomous 3D IFC platforms.

2 Scanning-based 3D IFC techniques

Scanning-based 3D IFC techniques assemble volumetric
information through sequential acquisition, encompassing
optical sectioning, quantitative phase, and light-scattering
modalities for acquisition of 3D morphology and subcellular
organization in single cells under flow (Table 1).

2.1 Fluorescence-based optical-sectioning 3D IFC

Fluorescence-based optical-sectioning 3D IFC combines the
molecular specificity of fluorescence microscopy with the
ability to recover axial information from cells in flow. In these
methods, three-dimensional information is obtained by
sequentially acquiring a series of two-dimensional images
from different focal or illumination planes as each cell moves
through the imaging region. The main challenge is therefore
not only to generate sufficient optical-sectioning contrast to
reject out-of-focus fluorescence, but also to acquire enough
axial samples before the cell leaves the field of view (FOV).

Depending on the imaging modality and illumination
geometry employed for optical sectioning, these techniques
can be grouped into four main categories: regular wide-field,
light-sheet and selective plane illumination, structured
illumination, and confocal approaches (Fig. 2).

One of the simplest strategies exploits the translational
motion of the flowing cell as a passive axial scanner. In
tilted-channel configurations, the microfluidic channel is
inclined with respect to the microscope focal plane, so that a
cell progressively traverses different focal depths during its
transit through the imaging region. Pégard and Fleischer first
demonstrated this principle using wide-field 3D
deconvolution microscopy in an obliquely oriented
microfluidic channel.41 Jagannadh et al. later refined this
concept for fluorescence-based 3D IFC by fabricating
precisely slanted microfluidic channels in glass using
femtosecond laser inscription. Their implementation
acquired approximately 200 optical sections per cell,
corresponding to an effective axial sampling of ∼15 nm,
using a standard wide-field fluorescence microscope28

(Fig. 2a). This strategy is attractive because it requires no
moving optical elements, but its performance depends
strongly on flow stability, cell trajectory, and accurate
registration of the sequential image stack.

A complementary optical-sectioning strategy is light-sheet
microscopy (LSM), which confines fluorescence excitation to
a thin plane and thereby provides intrinsic optical sectioning,
reduced background, improved photon efficiency, and lower
phototoxicity compared with conventional wide-field
illumination. Early light-sheet-based IFC demonstrations by
Wu et al. showed volumetric reconstruction of
phytoplankton chlorophyll-a structures from sequential
light-sheet cross-sections42 (Fig. 2b). This study
established LSM as a natural platform for 3D IFC
because the motion of the cell through the light sheet
can be used to build a volumetric image stack with
high optical-sectioning contrast.

Subsequent advances in LSM-based 3D IFC have focused
on improving sectioning efficiency, throughput, and
compatibility with microfluidic operation. On the
illumination side, lattice light-sheet excitation has been
introduced to reduce background fluorescence and
phototoxicity while improving axial confinement43 (Fig. 2c).
Other approaches have increased imaging speed by
engineering the excitation pattern or parallelizing the
illumination, enabling simultaneous interrogation of
multiple axial layers or multiple flowing cells without
relying on slow beam dithering15,47,48 (Fig. 2d). In
parallel, detection schemes have been adapted to the
speed–sensitivity–sectioning trade-off that is intrinsic to
flow-based imaging. Examples include extended-depth-of-focus
detection using an acoustic tunable lens47 and acoustofluidic
focusing to confine cells to a narrow and reproducible stream
within the camera FOV27 (Fig. 2e).

More recent studies have progressively transitioned
LSM-based 3D IFC from externally aligned bulk-optical
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implementations toward compact optofluidic platforms in
which light-sheet generation, beam delivery, and
microfluidic sample handling are co-integrated on
chip. Early demonstrations established the feasibility

of embedding micro-optical elements directly within
PDMS-based microfluidic devices to achieve self-aligned
and mechanically stable light-sheet excitation49 (Fig. 2f).
Glass-based microscope-on-chip platforms further improved

Fig. 2 Fluorescence optical-sectioning-based 3D IFC techniques. (a) A slanted channel microfluidic chip for 3D fluorescence imaging of
cells in flow (reproduced from ref. 28 with permission from V. K. Jagannadh et al., Opt. Express, Optica Publishing Group, copyright 2016).
(b) A light-sheet fluorescence imaging flow cytometer for 3D sectioning of phytoplankton (reproduced from ref. 42 with permission from J.
Wu et al., Opt. Express, Optica Publishing Group, copyright 2013). (c) A lattice light-sheet microscopy-based microfluidic platform sealed
with a thin, water-refractive-index-matched film to reduce light scattering (reproduced from ref. 43 with permission from Y. J. Fan et al.,
Lab Chip, Royal Society of Chemistry, copyright 2021). (d) Inertia-free light-sheet flow cytometry using an acousto-optic scanner for tailored
illumination and an acoustic-optofluidic lens for extended depth (reproduced from ref. 47 with permission from M. Duocastella et al., ACS
Photonics, American Chemical Society, copyright 2017). (e) Fast, parallel optofluidic scanning with 1D acoustofluidic focusing of multiple
cells under wide-field light-sheet microscopy enables high throughput (reproduced from ref. 27 with permission from M. Ugawa and S. Ota, Small
Sci., Wiley-VCH, copyright 2022). (f) An optofluidic light-sheet system flows suspended cells through a light sheet formed by micro-optical
components cast directly in polydimethylsiloxane (PDMS) (reproduced from ref. 49 with permission from E. J. Vargas-Ordaz et al., Lab Chip, Royal
Society of Chemistry, copyright 2021). (g) An integrated optofluidic platform generates structured light-sheet illumination within a microchannel,
enabling enhanced-resolution 3D imaging of flowing cells (reproduced from ref. 7 with permission from P. Paie et al., Lab Chip, Royal Society of
Chemistry, copyright 2024). (h) An open-source Arduino-MicroManager platform enables automated, high-throughput 3D light-sheet imaging of
cell cultures and model organisms for large-scale drug screening (reproduced from ref. 52 with permission from E. J. Gualda et al.,
Biomed. Opt. Express, Optica Publishing Group, copyright 2015). (i) Modular light-sheet microscope with switchable modalities for
classical and high-throughput imaging (reproduced from ref. 53 with permission from M. Bernardello et al., Sci. Rep., Springer Nature,
copyright 2022). (j) Portable light-sheet optofluidic microscopy employs a compact, open-top configuration compatible with commonly
adopted microfluidic chips (reproduced from ref. 36 with permission from J. Son et al., Lab Chip, Royal Society of Chemistry, copyright
2023). (k) Confocal microscopy with spatial dual-comb and quadrature amplitude modulation enables frequency-division multiplexed
excitation and single-pixel detection for ultrafast imaging (reproduced from ref. 45 with permission from H. Mikami et al., Chem,
Elsevier, copyright 2018). (l) Multifunctional (multichannel, multisheet and multicolor) imaging cytometry (M3IC) system that employs
vertically-aligned multi-sheet array illumination for interrogating cells flowing simultaneously through multiple microfluidic channels
(reproduced from ref. 15 with permission from P. Joshi et al., Commun. Phys., Springer Nature, copyright 2024).
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robustness by integrating microchannels, optical coupling
structures, and light-sheet-forming microlenses within a
single substrate.50 More recent implementations have moved
beyond passive miniaturization by incorporating active
optical control, phase modulation, structured light-sheet
generation, photonic circuits, waveguides, and flow channels
within unified optofluidic architectures7,51 (Fig. 2g). These
developments illustrate how optical integration can reduce
alignment complexity while enabling more reproducible and
scalable 3D IFC systems.

In parallel, the development of LSM-based 3D IFC has also
improved platform compatibility and experimental feasibility
through the implementation of open-source, modular, and
portable architectures. Earlier innovations, such as the
SPIM-fluid platform, utilized open-source hardware and
software control to automate high-throughput 3D imaging
for a range of samples-from 3D cell cultures to whole
organisms-thereby enhancing system accessibility for
large-scale screenings52 (Fig. 2h). To address the
limitations of application-specific setups, subsequent
modular designs have significantly increased system
compatibility by combining classical, flow-based, and
hybrid acquisition modes within a single instrument,
enabling users to switch between long-term imaging,
multicolor imaging, and higher-throughput screening
while maintaining the freedom of implementing
additional detection add-ons and diverse specimen
types53 (Fig. 2i). More recently, the introduction of
portable systems with open-top light-sheet configurations
has further improved flexibility for easy deployment with
minimized instrumental complexity36 (Fig. 2j). These
advancements in compact design and cost-effective
hardware have lowered the barriers for broad
dissemination and facilitated the integration of 3D IFC
into diverse high-content biological research pipelines.

Confocal microscopy provides an alternative route to
fluorescence optical sectioning by combining point-scanning
illumination with pinhole-filtered detection, effectively
rejecting out-of-focus light to yield high axial resolution.
In flow-based implementations, the motion of the cell can
again provide one component of the volumetric scan,
analogous to tilted-channel wide-field imaging. Quint et al.
demonstrated this strategy in 2017, integrating a confocal
laser-scanning microscopy to obtain 3D tomograms of red
blood cells under physiologically relevant flow conditions.9

However, conventional confocal 3D IFC is limited by
point-scanning speed, fluorescence lifetime, and the need
to maintain adequate signal-to-noise ratio at high flow
velocities. Mikami et al. addressed these limitations by
introducing an ultrafast confocal fluorescence microscopy
approach based on frequency-division multiplexing, using
a frequency-comb-referenced swept laser and optical fiber
delays to achieve scan rates beyond the conventional
fluorescence-lifetime limit45 (Fig. 2k).

Over the past decades, these system-level advances have
led to a substantial three-order-of-magnitude increase in

volumetric throughput while simultaneously narrowing the
resolution gaps among various microscopic modalities. Early
light-sheet systems established baselines of 35–44 cells per s
with ∼0.8 μm lateral and ∼1.4 μm axial resolution.42

However, the throughput was fundamentally limited to a few
hundred cells per minute by the intrinsic coupling between
flow speed and camera readout, as sufficient cross-sectional
sampling for each cell is required to enable accurate 3D
reconstruction.42 One key strategy encodes all cross-sections
into a single camera exposure via spatiotemporal
transformation, eliminating the frame-rate limit and
enabling 3D reconstruction at flow velocities exceeding
10 m s−1.26 Building on this, a stationary oblique-plane
geometry parallelized across multiple channels scaled 3D
acquisition to over 2000 cells per s.27 Parallel
developments have focused on organelle-level volumetric
readout in flowing cells, beginning with the integrated
light-sheet flow cytometry (iLIFE) platform.12 This approach
was subsequently advanced to achieve real-time volumetric
reconstruction of mitochondria in HeLa cells13 and multicolor
tracking for quantifying drug-induced remodeling.14 Most
recently, the introduction of multi-sheet illumination arrays has
enabled simultaneous organelle-level readout across parallel
microfluidic streams15 (Fig. 2l). Meanwhile, in the confocal
domain, frequency-division-multiplexed scanning has
successfully bypassed the fluorescence-lifetime limit, enabling
3D confocal cytometry at flow speeds of up to 2 m s−1.44

Regarding spatial resolution, the adoption of lattice light-sheet
profiles has significantly tightened axial confinement while
reducing phototoxicity compared to standard Gaussian
sheets.43 Furthermore, the integration of structured
illumination via glass-inscribed photonic circuits has
extended lateral resolution beyond the diffraction limit in an
alignment-free, chip-scale format.7,51

Despite these advances, fluorescence optical-sectioning
3D IFC remains constrained by several practical trade-offs.
Increasing flow speed reduces residence time in the
imaging region and therefore limits axial sampling unless
acquisition is parallelized or encoded. Improving axial
resolution often requires thinner light sheets, tighter
confocal gating, or denser sampling, all of which can reduce
photon budget or throughput. Multicolor and organelle-level
imaging further increase the demands on illumination
power, detector sensitivity, spectral separation, and
computational reconstruction. Consequently, future progress
will likely depend on co-optimizing microfluidic control,
illumination geometry, detector architecture, and
reconstruction algorithms rather than improving any single
component in isolation.

2.2 Volumetric quantitative phase IFC

The ongoing evolution of IFC is increasingly driven by the
need to move beyond fluorescence-based contrast toward
label-free, quantitative, and high-content analysis.54,55

Fluorescence contrast is particularly useful for imaging
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labeled cells, organelles, or molecular targets, but it also
imposes additional constraints compared with label-free
imaging, including its reliance on labeling, photobleaching,
and limited multiplexing constrains its applicability in
dynamic, long-term, or clinically sensitive
measurements.56–58 In response, a new class of label-free

imaging modalities has emerged, leveraging intrinsic optical
properties of cells—primarily refractive index (RI) and
optical phase—to enable quantitative characterization
without exogenous markers.31,59 Within this framework,
label-free IFC represents a rapidly developing frontier,
combining microfluidics, computational imaging, and

Fig. 3 Holographic and scattering-based 3D IFC. (a) Three-dimensional quantitative phase imaging flow cytometry of blood coagulation
structures by optical projection tomography using digital holographic microscopy (reproduced from ref. 66 with permission from H. Funamizu
and Y. Aizu, J. Biomed. Opt., SPIE, copyright 2018). (b) Stain-free 3D refractive index (RI) tomograms of flowing and rotating single cells
reconstructed from multiple digital holograms recorded around the cell using the inverse Radon transform (reproduced from ref. 37 with
permission from F. Merola et al., Light: Sci. Appl., Springer Nature, copyright 2017). (c) Label-free identification of cell nuclei from reconstructed
3D RI tomograms using tomographic phase microscopy in flow cytometry (reproduced from ref. 20 with permission from D. Pirone et al., Nat.
Photonics, Springer Nature, copyright 2022). (d) Processing pipeline incorporating a multi-scale fully convolutional context aggregation network
that accelerates reconstruction of phase-contrast tomograms in holographic flow cytometry (reproduced from ref. 40 with permission from
D. Pirone et al., Lab Chip, Royal Society of Chemistry, copyright 2022). (e) Transport-of-intensity (TIE)-based phase imaging flow cytometry
collects focal stacks for 3D reconstruction (reproduced from ref. 77 with permission from S. S. Gorthi and E. Schonbrun, Opt. Lett., Optica
Publishing Group, copyright 2012). (f) Holo-tomographic flow cytometry enables phenotypic profiling of leukemia blast cells to identify
mutation-associated cellular features (reproduced from ref. 19 with permission from D. Pirone et al., Light: Sci. Appl., Springer Nature,
copyright 2025). (g) 3D side-scattering imaging flow cytometry combines orthogonal light-sheet scanning illumination with spatiotemporal
transformation detection to reconstruct 3D cell images from a cameraless single-pixel photodetector readout (reproduced from ref. 25 with
permission from Y. Han et al., Optica, Optica Publishing Group, copyright 2019). (h) Convolutional neural network (CNN) analysis for classification
on 3D side-scattering cell images out of a unique 3D imaging flow cytometer study (reproduced from ref. 46 with permission from R. Tang et al.,
APL Photonics, AIP Publishing, copyright 2020). (i) 3D forward-scattering imaging flow cytometry system employs optical needle-beam
illumination, linear micro-mirror arrays for axial scatter detection, and spatiotemporal deconvolution algorithms to achieve label-free single-cell
3D imaging (reproduced from ref. 38 with permission from M. Zhou et al., APL Photonics, AIP Publishing, copyright 2025).
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advanced optical methods to deliver volumetric information
at high throughput.

The fundamental optical principle underlying most
label-free IFC techniques is quantitative phase imaging
(QPI), namely the capability to simultaneously measure
the phase delay induced by a specimen as light
propagates through it. Since the phase shift is directly
related to the optical path length, QPI provides access to
physically meaningful quantities such as dry mass,
intracellular density, and RI distribution.60 Compared to
intensity-based imaging, phase contrast is particularly
well suited for transparent biological samples, enabling
high-sensitivity detection of subtle morphological and
biophysical variations. This capability has driven a substantial
convergence between QPI and flow cytometry, enabling the
development of diverse dynamic, high-throughput
implementations compatible with microfluidic platforms,
and spanning a broad range of length scales, methodologies,
and applications.61,62

Digital holography represents one of the most mature and
widely adopted implementations of QPI in flow cytometry. By
recording the interference between a reference and an object
beam, it enables single-shot reconstruction of the complex
optical field, from which both amplitude and phase can be
numerically retrieved.20 This capability is particularly
advantageous under flow conditions, where high throughput
and minimal acquisition times are essential.63,64 Importantly,
holography is inherently compatible with three-dimensional
reconstruction when multiple perspectives of the specimen
are available, providing a natural pathway toward volumetric
characterization.65 This extension toward volumetric imaging
is generally realized through Optical Diffraction Tomography
(ODT), also referred to as holotomography. ODT reconstructs
the three-dimensional refractive index (RI) distribution of a
specimen from multiple angular projections, in close analogy
to X-ray computed tomography.32 In conventional
implementations, angular diversity is achieved through
mechanical rotation of the sample or by varying the
illumination angle, both of which are challenging to
implement in flow cytometry settings. However, within
microfluidic environments, cells frequently undergo
spontaneous rotation due to shear gradients in laminar flow.
This intrinsic rotational motion can be exploited to acquire
multiple views of the same cell, enabling tomographic
reconstruction of volumetric RI maps without the need for
external mechanical manipulation34,37,66 (Fig. 3a and b).

Despite its promise, volumetric QPI and ODT in flow still
face some limitations. For example, tomographic
reconstruction requires sufficient sampling of the object
from different viewing angles. In practice, the finite
numerical aperture of the imaging system and restricted
angular coverage leave part of the three-dimensional
spatial-frequency spectrum unmeasured, giving rise to the
well-known missing-cone problem.67 This results in
anisotropic resolution, axial elongation of reconstructed
structures, and potential underestimation or distortion of

refractive-index (RI) values. These effects can be
particularly important in flow-based implementations,
where the number and distribution of available views are
constrained by the short observation time and, when cell
rotation is exploited, by the often non-uniform and only
partially controlled rotational dynamics of individual cells.
Errors in estimating the instantaneous orientation of a
rapidly translating or rotating cell, together with motion
blur and sparse angular sampling, can therefore propagate
directly into the reconstructed 3D RI distribution.68

Another limitation arises from the physical model used
for reconstruction. Most conventional ODT approaches rely
on linearized wave-scattering models based on the Born or
Rytov approximations,69,70 and neglect high-order multiple
scattering. These approaches are effective for weakly
scattering specimens, but their accuracy deteriorates for
optically thick or strongly scattering samples and for
structures with large RI contrast.71 Under these conditions,
multiple scattering becomes significant, and the measured
field can no longer be adequately described by the simplified
forward model, resulting in distortions and quantitative
errors in the reconstructed RI distribution. Nonlinear
inverse-scattering and multiple-scattering models can
improve reconstruction fidelity, but at the cost of
substantially greater computational complexity.72 This
trade-off is especially relevant to IFC, where reconstruction
must ultimately be compatible with high acquisition rates
and large numbers of cells.

Recent work has addressed such limitations to further
advance flow-based tomography by improving rotation
control, angular coverage, and reconstruction fidelity.
Strategies based on hydrodynamic focusing,73 inertial
microfluidics,74 and tailored channel geometries24 have been
proposed to enhance cell orientation and rotational
dynamics, thereby mitigating the missing-angle problem and
improving axial resolution. In parallel, computational
reconstruction methods are increasingly used to compensate
for limited-angle sampling, noise, and model inaccuracies,
enabling high-quality reconstructions from sparse
measurements and opening the door to real-time
volumetric imaging20,40,75 (Fig. 3c and d). More advanced
inverse-problem approaches can also explicitly account for
multiple light scattering. For example, iterative solvers based
on modified Born series76 can extend quantitative
reconstruction beyond the weak-scattering regime, achieving
both accuracy and computational efficiency simultaneously.

Beyond holographic approaches, non-interferometric QPI
methods such as transport-of-intensity equation (TIE)
imaging have gained increasing attention due to their
simpler optical configurations and robustness to noise.78

TIE-based techniques reconstruct the phase from intensity
variations along the optical axis, typically using defocused
images acquired at different planes.79 Compared to
holography, TIE approaches offer reduced system complexity
and improved stability, albeit often at the cost of requiring
multiple measurements or reduced temporal resolution77
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(Fig. 3e). Recent developments in dual-view and real-time TIE
implementations have alleviated these limitations by
enabling phase retrieval from minimal datasets that can be
acquired simultaneously.80,81 Although these approaches do
not directly provide volumetric refractive-index
reconstructions, their high-speed, label-free phase
measurements make them particularly attractive for imaging
flow cytometry and potentially complementary to
tomographic strategies.

The convergence of these techniques highlights a broader
trend toward computationally enhanced imaging in IFC.
Rather than relying solely on optical hardware, these
approaches distribute complexity between acquisition and
reconstruction, enabling flexible trade-offs between speed,
resolution, and system simplicity.

However, the nature of the contrast itself can impose
additional limitations. Although 3D RI maps provide
quantitative, label-free information, RI contrast lacks the
molecular specificity provided by targeted labeling. Different
cellular components may exhibit similar or overlapping RI
values, making the unambiguous identification of specific
proteins, organelles, or biochemical species substantially
more difficult than with fluorescence-based approaches. ODT
is therefore better regarded as complementary to, rather than
a universal replacement for, fluorescence-based IFC. Despite
this limitation, volumetric QPI in flow offers important
opportunities in both biological and physico-chemical
systems. It has been repeatedly demonstrated that 3D RI
maps can provide sufficient intrinsic contrast for the
label-free characterization of several subcellular structures,
particularly nuclei and lipid droplets in a statistically
robust manner19–22,66,82–85 (Fig. 3f). In parallel, similar
techniques have been applied to non-biological systems,
where 3D phase imaging enables in situ measurement of
concentration fields, mixing dynamics, and interfacial
phenomena.86,87

Looking forward, the field is expected to benefit from the
continued integration of optofluidics, computational
imaging, and artificial intelligence. Advances in microfluidic
design can enhance cell rotation, alignment, and focusing,
improving the quality of tomographic reconstructions
and cell throughput.88 At the same time, deep learning
approaches are increasingly being used to accelerate
phase retrieval, correct reconstruction artifacts, and
perform end-to-end classification directly from raw optical
data.89–94 In this emerging paradigm, label-free 3D IFC
becomes not only an imaging modality but a data-rich
sensing platform, where quantitative optical measurements
are tightly coupled to computational inference.

From a broader perspective, label-free 3D IFC represents a
shift toward physics-based cytometry, where intrinsic optical
properties are used to characterize cellular states in a
quantitative and non-invasive manner. By complementing
molecular assays with biophysical measurements, these
techniques have the potential to uncover new classes of
biomarkers and enable more comprehensive phenotyping of

complex biological systems. Continued progress in this area
will likely lead to compact, integrated systems capable of
high-throughput, label-free, and volumetric analysis within
lab-on-a-chip environments, aligning closely with the vision
of next-generation microfluidic diagnostics.

2.3 Scattering-based 3D IFC

Scattering-based 3D IFC exploits the interaction between
incident light and intrinsic refractive-index variations
within cells. In conventional flow cytometry, forward- and
side-scattering signals have long been used as low-dimensional
indicators of cell size and internal structure, respectively.95

Forward scattering is dominated by contributions that are
relatively insensitive to internal structure, whereas scattering
collected at larger angles is more sensitive to refractive-index
heterogeneity and intracellular organization.95 However, these
integrated signals do not preserve spatial information and
therefore cannot resolve the 3D organization of intracellular
structures. Recent scattering-based IFC approaches address
this limitation by combining structured illumination,
spatial–temporal encoding, single-pixel detection, and
computational reconstruction to recover spatially resolved
scattering contrast from cells in flow (Fig. 3g–i).

An important conceptual foundation for scattering-based
3D IFC was established by spatiotemporal transformation
imaging. In this framework, spatial information from a
flowing cell is mapped into a time-resolved signal using a
spatial filter or structured detection geometry, allowing image
reconstruction with single-pixel photodetectors rather than
camera-based acquisition. Han and Lo demonstrated that
fluorescence and side-scattering images of rapidly flowing
cells could be reconstructed from photomultiplier-tube
signals, avoiding camera frame-rate limitations while
maintaining cytometry-compatible throughput.96 This
strategy is particularly attractive for scattering
measurements because side- and forward-scattered light can
be detected with high sensitivity and temporal bandwidth
using single-pixel detectors.

Building on this principle, cameraless 3D side-scattering
IFC extends spatial–temporal transformation into volumetric
imaging. In these systems, orthogonal light-sheet scanning or
structured illumination sequentially probes different regions
of the cell, while spatially encoded single-pixel detection
records the corresponding side-scattering signal.
Computational reconstruction then recovers 3D scattering
images of individual cells in flow25 (Fig. 3g). Therefore, in
scattering-based 3D IFC, the measured time-dependent signal
represents a spatially encoded projection or convolution of
the underlying scattering distribution. Thus, recovery of the
three-dimensional image requires inversion of this encoding
process. Depending on the acquisition geometry, this
recovery may involve deconvolution, back-projection, iterative
optimization, or model-based inversion.25 Regularization can
be introduced to stabilize reconstruction from noisy or
incompletely sampled measurements, while sparsity
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constraints and learned priors may reduce the number of
measurements required per cell.38 Because side-scattering is
sensitive to intracellular refractive-index heterogeneity, the
reconstructed volumes provide information about subcellular
organization, texture, and morphology without exogenous
labels. Subsequent work combined these 3D scattering
images with machine-learning analysis to classify cells from
volumetric scattering fingerprints46 (Fig. 3h). These studies
demonstrated that scattering-based 3D IFC can move
beyond conventional FSC/SSC intensity measurements
toward high-content, label-free phenotyping.

More recently, forward-scattering implementations have
further expanded the scattering-based 3D IFC toolbox. Zhou
et al. introduced a 3D forward-scattering imaging flow
cytometry system in which a needle-shaped illumination
beam defines a confined interaction volume, while a
micromirror-based axial scanning mechanism samples
different depths within the flowing cell38 (Fig. 3i). The
detected signals are processed using spatiotemporal
deconvolution to reconstruct 3D forward-scattering
distributions at throughputs on the order of hundreds of
cells per second. Compared with side-scattering approaches,
forward-scattering emphasizes low-angle scattering
components that are particularly sensitive to overall cell
morphology, size, and refractive-index gradients. As a result,
forward- and side-scattering 3D IFC provide complementary
structural information and may be combined with other
imaging channels to improve classification robustness.

Since scattering-based 3D IFC derives contrast from
spatial variations in refractive index, it is closely related to
the aforementioned quantitative phase and diffraction
tomography approaches.97,98 The distinction lies primarily in
the measured optical information and in the objective of the
reconstruction. QPI and ODT typically recover the complex
optical field and use a wave-propagation model to
estimate phase or, in the tomographic case, a quantitative
three-dimensional RI distribution. Scattering-based
approaches instead measure the redistribution of optical
intensity into selected angular or spatial channels and
reconstruct a volumetric scattering representation from
these signals.25,46 Consequently, scattering volumes do not
generally provide a direct voxel-wise measurement of RI
and are more strongly dependent on illumination and
collection geometry. At the same time, this reduces the
requirement for full-field interferometric detection,
enabling simpler and faster acquisition architectures,
including high-bandwidth single-pixel detection, which is
particularly attractive for high-throughput IFC.25

Moreover, volumetric scattering signatures can reveal
differences in cell morphology and structures associated with
physiological state. Because scattering measurements can be
acquired rapidly and without staining, they are attractive for
high-throughput experiments and applications where
fluorescence labeling is impractical or undesirable. In
multimodal systems, scattering-based volumes can also be
combined with transmission, fluorescence, or quantitative

phase channels to link intrinsic structural information with
molecular or biophysical readouts.

Despite these advantages, scattering-based 3D IFC faces
important challenges in both physical interpretation and
biological specificity. Scattering contrast is inherently
indirect: the detected signal depends not only on the
underlying cellular RI distribution but also on illumination
wavelength and angle, numerical aperture, collection
geometry, polarization, coherence, detector response, and the
reconstruction model.95,97,99 Different intracellular structures
may therefore generate similar scattering patterns, while the
same structure may produce substantially different
signatures under different acquisition conditions. Multiple
scattering and coherent interference further complicate the
association between reconstructed scattering features and
specific intracellular structures, particularly for large,
optically dense, or highly heterogeneous cells. As a
consequence, reconstructed scattering volumes are generally
empirical structural fingerprints rather than absolute
quantitative maps of specific biological components. Biological
interpretation commonly relies on correlation with reference
measurements, controlled perturbations, complementary
imaging modalities, or data-driven classification.46

This dependence on acquisition geometry also poses a
significant challenge for cross-platform reproducibility.
Light-scattering measurements are inherently sensitive to
instrument-specific parameters such as illumination
wavelength, collection angle, numerical aperture, detector
response, and gain, making direct comparison of
uncalibrated signals across cytometers problematic.100

Calibration against well-characterized reference particles has
been shown to substantially improve cross-platform
comparability of conventional flow-cytometric scattering
measurements.100 Extending analogous calibration strategies
to volumetric scattering IFC, together with standardized
reference samples and detailed reporting of acquisition and
reconstruction parameters, will therefore be important for
comparing scattering signatures and computational models
across instruments.

Future progress in scattering-based 3D IFC will likely
depend on tighter integration between optical design,
computational reconstruction, calibration, and statistical
inference. Physics-informed and inverse-scattering models
could improve the interpretability of scattering
measurements by more explicitly relating the detected optical
signals to the underlying refractive-index distribution,76 while
machine-learning methods may enable robust classification
directly from high-dimensional scattering data.46 An equally
important direction will probably be the development of
calibration and harmonization strategies to improve the
comparability of scattering signatures across instruments
and facilitate the transfer of computational models between
platforms.100 Finally, multimodal implementations could
help connect label-free structural fingerprints with
biochemical identity; the combination of volumetric
scattering with fluorescence has already been demonstrated
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in imaging flow cytometry,25 while integration with
complementary modalities such as QPI, Raman spectroscopy,
or downstream molecular analysis represents a promising
avenue for future development. If these challenges are
addressed, scattering-based 3D IFC could become a powerful
complement to fluorescence- and phase-based approaches,
particularly for high-throughput, label-free volumetric
cytometry and morphology-guided single-cell analysis.

3 Non-scanning 3D IFC techniques

In contrast to sequential acquisition, non-scanning 3D IFC
techniques enable high-speed volumetric characterization by
parallelizing or computationally encoding depth information
within a single or reduced exposure, encompassing
multifocal, point-spread-function-engineered, and light-field
modalities (Table 2).

3.1 Multifocal 3D IFC

Multifocal 3D IFC has emerged for the high-speed volumetric
characterization of biological samples and fluid dynamics,
overcoming the throughput limitations of traditional
sequential scanning methods. By capturing multiple axial
planes simultaneously in a single camera exposure, these
systems enable the reconstruction of 3D information on
micro- to millisecond timescales. One prominent
implementation is the virtually imaged defocused array
(VIDA), which utilizes a custom etalon—comprising a
high-reflectivity mirror and a linear variable neutral
density filter—to generate a series of reflections with
distinct optical path10 (Fig. 4a). This configuration allows
for the acquisition of a complete focus stack within a
single 100 μs exposure, providing an intrinsically
achromatic and reconfigurable platform for high-speed 3D
microscopy. As a high-throughput cytometer, the VIDA
system has successfully quantified the nuclear morphology
of nearly a thousand white blood cells at flow velocities
of 3 mm s−1, illustrating its potential for large-scale
clinical and diagnostic applications.

In addition to this advancement, an 8-foci imaging
platform has also been developed for precise fluidic
analysis101,102 (Fig. 4b). This approach employs a specialized
prism to split incoming light into eight separate beams, each
corresponding to a different focal plane, which are then
recorded by synchronized sCMOS cameras. This architecture
achieves exceptional spatial resolution, with single-particle
tracking accuracies of approximately 10 nm laterally and
30 nm axially. Such precision has enabled the
instantaneous reconstruction of 3D flow fields within
complex geometries, which are essential for understanding
the behavior of complex fluids in physiological
environments. Together, these multifocal IFC technologies
represent a significant leap forward in our ability to
observe and quantify rapid volumetric processes in both
life sciences and microfluidics.T
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A major challenge in 3D IFC is balancing axial resolution
with high throughput.4,11,16 One strategy that addresses this
issue is beam engineering, in which 3D spatial information
can be encoded directly into the resulting 2D information.103

One notable implementation of this technique combines
point-spread-function (PSF) engineering with standard IFC to
demonstrate high-throughput, nanoscale, multicolor 3D
localization IFC16 (Fig. 4c). The authors introduce
astigmatism via a cylindrical lens so that each point emitter
appears as an ellipse whose orientation and aspect ratio
report its axial position with nanometer-scale precision after
calibration. Using thousands of fluorescent beads flowing
through a laminar channel, they build a depth-to-PSF-shape
calibration without interrupting flow, enabling robust 3D
localization across large cell populations. They achieved a

throughput of 100–200 objects per s, which is orders of
magnitude higher than traditional super-resolution techniques
while retaining nanoscale 3D information. This work highlights
the potential of PSF-engineered IFC as a powerful platform for
high-throughput, nanoscale 3D cellular analysis.

3.2 Light-field flow cytometry (LFC)

Existing 3D IFC techniques remain trade-offs among spatial
resolution, sequential acquisition, imaging throughput, and
instrumental complexity. In recent years, however, light-field
microscopy (LFM), including Fourier light-field microscopy
(FLFM), or extended-depth light-field microscopy (xLFM), has
emerged as a transforming volumetric imaging
technique29,104,105 capable of single-shot 3D visualization of

Fig. 4 Single-shot 3D imaging flow cytometry. (a) VIDA captures a multi-focal image stack of flowing cells in a single camera exposure using a
custom etalon that generates multiple axially shifted reflections (reproduced from ref. 10 with permission from E. Schonbrun and G. Di
Caprio, J. Biophotonics, Wiley-VCH, copyright 2015). (b) Simultaneous wide-field multiplane 3D imaging flow cytometry using a proprietary
prism and dual-camera configuration to capture eight axially separated focal planes in a single exposure (reproduced from ref. 101 and 102
with permission from A. Gholivand et al., Phys. Fluids, AIP Publishing, copyright 2025; and B. Louis et al., Opt. Express, Optica Publishing
Group, copyright 2020). (c) 3D localization microscopy for IFC uses engineered PSFs to encode emitter depth, enabling high-throughput,
nanoscale, multicolor 3D localization of intracellular structures in flowing cells (reproduced from ref. 16 with permission from L. E. Weiss et al.,
Nat. Nanotechnol., Springer Nature, copyright 2020).
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many structural-functional dynamics across various
biological scales with reduced phototoxicity, high fidelity,
and high scalability, facilitating investigations spanning
single molecules,106,107 living cells,17,108–112 tissues,113–116 and
whole organisms.117 Unlike conventional light microscopy,

which records only the spatial intensity of the light field,
LFM captures both spatial and angular components of the
light field through a customized microlens array (MLA). This
spatial-angular encoding enables computational
reconstruction of volumetric information from a single 2D

Fig. 5 Light-field flow cytometry (LFC). (a) The LFC system integrates epi-fluorescence Fourier light-field microscopy (100×), hydrodynamic
flow-focusing microfluidics, and stroboscopic illumination synchronized with the laser lines and camera acquisition, enabling high-resolution,
volumetric, and multiparametric 3D single-cell analysis (reproduced from ref. 17 with permission from X. Hua et al., Nat. Commun., Springer
Nature, copyright 2024). (b) The LFC-plus system (16×) incorporates a spectral filter array for simultaneous multicolor volumetric acquisition of
the flowing cells across extended, near-millimeter-scale cross-sections (reproduced from ref. 18 with permission from Z. Ling et al., Lab Chip,
Royal Society of Chemistry, copyright 2026). (c) Patch-based deconvolution accelerates volumetric reconstruction by 20–40× (reproduced from
ref. 120 with permission from B. Fu et al., Biophys. J., Elsevier, copyright 2026). (d) The LFC platform resolved fine 3D intracellular structures,
revealed cell heterogeneity, and enabled volumetric visualization of apoptosis and quantification of lipid nanoparticle-mediated mRNA
delivery (reproduced from ref. 17 with permission from X. Hua et al., Nat. Commun., Springer Nature, copyright 2024). (e) LFC-plus enables
high-throughput single-cell imaging, classification, and analysis of stiffness-dependent flow dynamics in curved microchannels (reproduced
from ref. 18 with permission from Z. Ling et al., Lab Chip, Royal Society of Chemistry, copyright 2026).
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camera exposure via wave-optics-based deconvolution.30,114

Consequently, light-field 3D acquisition eliminates the need
for axial scanning, and thereby, temporal resolution is
primarily limited by camera speed rather than by mechanical
sectioning or sequential imaging schemes. Such intrinsic
scalability and accessibility make LFM particularly promising
for next-generation 3D IFC applications.

In two recent advances, light-field flow cytometry (LFC)
has been developed by integrating light-field imaging
with microfluidic systems for high-throughput, high-
resolution, multiparametric volumetric single-cell
analysis17,18 (Fig. 5). The initial LFC implementation
demonstrated a near-diffraction-limited resolution of
400–600 nm in all three dimensions and a high throughput
of up to 5750 cells per s with high-content, single-shot
acquisition capabilities17 (Fig. 5a). Subsequent
refinements in LFC-plus expanded this architecture
through customized spectral aperture partitioning for
parallel multi-color acquisition of the 3D light field,
achieving near-millimeter-scale volumetric coverage and
an extended analytical imaging throughput of nearly
200 000 cells per s while maintaining a single-cell
resolution in all three dimensions18 (Fig. 5b). These
modifications preserved the core light-field principle while
increasing multiplexing capability, robustness, and scalability.

Grounded in an imaging-physics-driven computational
pipeline, the LFC image processing integrates camera noise
suppression and wave-optics-based volumetric reconstruction
to enable high-resolution 3D IFC reconstruction.109,115,118,119

Most recently, a patch deconvolution approach was
developed to accelerate volumetric reconstruction by
20–40 times (achieving 100–200 events per s) without
sacrificing image quality120 (Fig. 5c). Thus, the LFC
framework establishes a versatile paradigm for decoding
complex biological phenomena at the single-cell level17,18

(Fig. 5d and e).
On the other hand, there are still challenges for LFC

techniques in terms of instrumentation and computation.
Specifically, on the instrumentation side, trade-offs exist
between resolution, field of view, imaging depth, and photon
efficiency, which lead to the challenge of finding the optical
configurations (e.g., numerical aperture, focal length,
microlens pitch size, microlens patterns, etc.) for optimal
performance. Moreover, the fabrication and assembly of the
MLA can introduce additional aberrations. Computationally,
calibration procedures are applied to the processing pipeline
to make up for the alignment error, aberration, and
refractive-index mismatch using a hybrid PSF scheme.
However, although the artifacts are greatly reduced, they are
not completely removed. Meanwhile, the iterative 3D
deconvolution for image reconstruction is computationally
expensive and time-consuming, for which closed-loop
autonomous systems have yet to be fully demonstrated, such
as high-speed image-activated cell sorting. Learning-based
methods are a plausible route for real-time light-field inference
and can be a viable solution to enhance the capability of LFC

techniques. However, they may also suffer from the inefficiency
of high-quality training dataset acquisition.

Notwithstanding these remaining instrumentation and
computational hurdles, rapid advancements in smart optical
design, physics-informed AI reconstruction, and hardware
acceleration are actively overcoming these limitations. By
resolving these bottlenecks while preserving the non-invasive,
single-shot 3D spatial fidelity within high-throughput flows,
LFC is uniquely positioned as a robust tool for deep
phenotyping and profiling, promising the application
transition from fundamental single-cell discoveries to
precision diagnostics and high-throughput therapeutic
development.

4 Applications of 3D IFC

While the technological implementations of 3D IFC are diverse,
their utility is ultimately defined by the specific biomedical and
clinical questions they address. Choosing a 3D IFC modality
requires balancing axial resolution, volumetric throughput, and
instrumental and operational complexity against the demands
of the target measurement. In this section, we summarize
representative application fields of 3D IFC. These include cell
and nuclear morphometry, intracellular architecture and
molecular localization, label-free biophysical phenotyping,
perturbation and drug-delivery assays, clinical and translational
single-cell analysis, microorganisms and multicellular
specimens, and microfluidic metrology. Through these
representative implementations, we illustrate how 3D IFC
transforms 2D cytometric investigations into volumetric
quantitative metrics across diverse research pipelines (Table 3).

4.1 Single-cell morphometry and geometric phenotyping

The biological value of morphology as an independent
cytometric variable has long been evident in conventional 2D
IFC. Image-based morphometric features were shown to
distinguish apoptotic from necrotic cells that could not
be unambiguously separated using conventional
fluorescence-intensity measurements alone.35,121 Similarly,
IFC enabled the analysis of molecular symmetry during
mitosis, linking cell-division history with the spatial
distribution of intracellular signals across statistically
meaningful populations.122

However, 2D IFC images superimpose structures at
different depths and make shape descriptors dependent on
cell orientation. 3D IFC recovers the axial coordinate that
remains inaccessible or ambiguous in conventional 2D IFC,
and its largest biological benefit is therefore expected when
cell state is encoded by 3D morphology, intracellular
topology, or the relative spatial arrangement of multiple
cellular structures. In fact, many descriptors of shape are
intrinsically three-dimensional: parameters such as volume,
surface area, sphericity, elongation, local curvature, nuclear
lobulation, and the nuclear-to-cytoplasmic volume ratio
cannot in general be determined unambiguously from a
single 2D projection. This challenge becomes particularly
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relevant for cells with complex or orientation-dependent
morphologies, and for experiments in which mechanical
perturbations produce local deformations rather than
uniform changes in projected area. 3D IFC provides a natural
solution to this challenge. Early demonstrations established
feasibility rather than throughput. For example, Jagannadh
et al. introduced the slanted-channel device, which used the
cell translation as a passive axial scanner to reconstruct
cellular shape.28 Quint et al. introduced confocal 3D IFC
extended morphometry to a mechanically active readout,
resolving 3D tomograms of red blood cells and their
deformation under physiologically relevant flow conditions.9

Single-exposure architectures further made nuclear shape
a practical cytometric parameter. The virtually imaged
defocused array (VIDA) captures a complete focus stack,
which resolved the multi-lobed 3D morphology of neutrophil
nuclei as they pass through microfluidic channels and
quantified the nuclear morphology of white blood cells at
cytometric scale,10 thereby enabling volumetric
characterization of nuclear deformation during passage
through microfluidic constrictions. Parallelized scanning
reached the same goal from the opposite direction, providing
volumetric phenotypes rich enough to discriminate mitotic
phases in unsynchronized populations.26,27 In particular,
geometric phenotyping is not tied to fluorescent contrast.
Label-free methods such as 3D forward-scattering
reconstructions recover the overall morphology and size of
unlabeled cells with intrinsic physical properties encoded.38

4.2 Biophysical phenotyping

Beyond geometry, the mechanical compliance, the dry mass
and internal density, and the composition and ordering of

intracellular compartments report on cell states even when
staining is impractical, the environment is perturbative, or
the conditions are clinically undesirable.54,55 Unlike the
observation of 3D deformed shapes alone, 3D IFC with
curved and constricted microfluidic channels couples 3D
shape to deformability and is able to resolve the
stiffness-dependent flow behavior of individual cells,18 linking
3D IFC to the established practice of biophysical cytometry.55

Besides mechanical phenotyping, optical properties of
cells give access to a complementary set of quantities from
how the light is transmitted and scattered. In flow-based
optical diffraction tomography, the spontaneous rotation of
cells in shear supplies the angular diversity required for
tomographic inversion, yielding label-free 3D refractive-index
maps of single cells,37 which was later applied to studies of
structures formed during blood coagulation.66 Additionally,
because refractive index is quantitative and physically
interpretable, these reconstructions report dry mass,
intracellular density, and internal optical heterogeneity, with
sufficient intrinsic contrast to identify specific subcellular
compartments without any label.20–22 The same intrinsic
signature is discriminative at the level of cell identity, where
the focusing power imparted by internal compartments
separates monocytes from lymphocytes without antibody
staining, offering a label-free route to leukocyte subtyping.123

Scattering-based 3D IFC pursues the same objective
through a different observable. 3D side-scattering images can
be acquired without a camera while remaining compatible
with simultaneous fluorescence detection,25 and cells can be
classified directly from their volumetric scattering
fingerprints, which shows that label-free volumetric
phenotyping does not require quantitative refractive-index
recovery.46 In contrast to refractive-index tomography,

Table 3 Advantages, limitations, and biological applicability of the five 3D IFC macro-categories

Macro-category Key advantages Key limitations Suitable applications Limited applications

Fluorescence optical
sectioning

High axial
discrimination;
molecular specificity;
multicolor; simple
reconstruction

Throughput bound by flow ×
camera readout;
photobleaching; labeling
required

Organelle morphometry;
drug-induced remodeling;
apoptosis; developmental
models

Very large cell
populations;
label-free or
clinically sensitive
samples

Volumetric quantitative
phase

Label-free without
photobleaching;
quantitative, physically
interpretable output

Missing-cone anisotropy;
single-scattering limit in thick
cells; low molecular specificity

Biophysical phenotyping;
nuclei and lipid droplets;
disease and drug response

Specific molecular
targets; optically
thick, strongly
scattering cells

Scattering-based Label-free; single-pixel
detection beyond camera
frame rate; simple,
multimodal optics

Indirect, instrument-dependent
contrast; empirical fingerprints,
not refractive-index maps;
limited cross-platform
reproducibility

Label-free classification;
morphological quality
control; doublets;
image-activated sorting

Cross-instrument
quantification;
mechanistic
structural
interpretation

Multifocal/beam-engineering Single-exposure volumes;
no iterative
reconstruction;
nanoscale precision

Plane number fixed by optics;
coarse axial sampling; depth
calibration needed

Nuclear morphology;
chromatin organization;
nanoparticle uptake; particle
and flow tracking

Densely labeled
cytoplasm; axial
detail below plane
spacing

Light-field flow cytometry Scan-free single-shot 3D
imaging; near-isotropic
resolution; low
phototoxicity; simple
instrumentation

Resolution–depth–photon
trade-offs; PSF calibration; slow
iterative deconvolution

Population-scale
phenotyping; heterogeneity;
apoptosis; mRNA delivery;
chemotherapy profiling; cell
flow mechanics

Finest axial detail on
few cells; real-time
closed-loop
3D-image-based cell
sorting
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however, reconstructed scattering volumes are not
generally direct quantitative maps of a specific physical
property. Rather, their values depend on experimental
conditions, including reference measurements and
controlled perturbations, so this method is best suited to
relative comparisons, such as classification, doublet and
attached-particle detection, and morphological quality control,
and requires calibration against reference particles before
measurements can be compared across instruments.100

4.3 Organelle-level intracellular architecture and nanoscale
3D localization

When biological inquiries focus on the precise spatial
distribution of organelles or molecular assemblies within a
cell, intracellular structural resolution becomes essential. In
these contexts, the critical quantitative metric shifts from
integrated signal intensity to spatial quality of the signals.
Conventional planar IFC had already been applied to a
broad range of such spatially resolved processes,
including nuclear–cytoplasmic translocation,124 apoptosis
and cell-death morphology,35,121 asymmetric cell division
and asymmetric molecular segregation,122 autophagy and
apoptosis,125 phagocytosis and intracellular trafficking,126

microorganism internalization, and cell–cell interactions
such as immunological synapse formation,127 all
quantified through image-based localization metrics.128

3D IFC expands the concepts toward quantitative analysis
of the volumetric intracellular organization. Light-sheet
volume cytometry achieved this in flow12 and was advanced
to reconstruction of the mitochondrial network in cancer
cells13 and to interrogation of organelles simultaneously across
parallel streams with multi-sheet illumination.15 Lattice
light-sheet excitation extended such measurements to
photosensitive targets that do not tolerate repeated
volumetric exposure,43 while structured illumination brought
sub-diffraction intracellular detail into a chip-scale format.7,51

Two non-scanning strategies carry this class towards the
molecular scale. PSF engineering encodes emitter depth in
the shape of the PSF and has been used to quantify
chromatin organization in live yeast at throughputs far
above those of conventional super-resolution microscopy.16

Light-field flow cytometry recovers near-isotropic volumes
from single snapshots, resolving the 3D organization of
intracellular organelles and exposing cell-to-cell
heterogeneity that 2D IFC averages away.17

4.4 Drug delivery, cell response, and therapeutic profiling

A large fraction of 3D IFC applications concerns
pharmacological perturbation experiments in which the
biological readout is structurally reorganized, so that the
assay requires both volumetric observation and population-
scale sampling to investigate heterogeneous structural
responses even within genetically similar cells. Multicolor
light-sheet volume cytometry quantified drug-induced
remodeling of organelle networks and apoptotic signatures

across thousands of cells,14 including changes in
mitochondrial morphology following pharmacological
perturbation.15,17 Automated open-source light-sheet
platforms extended the same logic to 3D cell cultures and
model organisms for large-scale drug screening.52 LFC
provided volumetric visualization of apoptosis and quantified
lipid-nanoparticle-mediated mRNA delivery, linking the 3D
intracellular distribution of the cargo to delivery efficiency.17

With the extended throughput, LFC-plus broadened the
scope to longitudinal chemotherapeutic profiling of cancer
cells and PEG-mediated cell fusion.18 PSF-engineered 3D
localization IFC mapped nanoparticle uptake and their
intracellular distribution in T-lymphocyte cancer cells,16

while holotomographic flow cytometry has been applied to
drug-resistance phenotyping in a label-free context.82 Besides
pharmacological perturbations, cameraless 3D IFC has been
used to quantify nuclear γH2AX foci following irradiation.25

The number and spatial distribution of damage-associated
foci represent a different biological measurement from total
nuclear fluorescence and illustrate the broader importance of
resolving localized responses within individual cells. Across
these studies, the volumetric readout from 3D IFC strategies
converts qualitative observations of drug effect or delivery
efficiency into per-cell distributions, and the biological value
of the measurement scales with the number of cells sampled
rather than with the resolution of any individual volume.

4.5 Clinical and translational single-cell diagnostics

For clinical applications, diagnostic quantities must be
derived from minimally processed samples. The acquisition
and analysis must achieve sufficient throughput to resolve
rare abnormal populations while ensuring high measurement
interoperability, meaning that results remain consistent
across different instruments and over time.100 Therefore,
volumetric single-cell measurement is especially direct. In
diagnostic cytology and hematology, descriptors such as
nuclear shape and lobulation, nuclear-to-cytoplasmic ratio,
chromatin distribution, and blast morphology are
traditionally vulnerable to projection artifacts and staining
variability. Rather than introducing new biomarkers, 3D IFC
transforms these established diagnostic traits into volumetric
quantitative per-cell measurements.

Tomographic phase imaging combined with machine
learning has been used to distinguish tumor cells from white
blood cells and to discriminate among different tumor-cell
types, illustrating the potential of label-free volumetric
phenotyping for liquid-biopsy applications.84 For hematologic
malignancy, holo-tomographic flow cytometry has been used
to characterize acute myeloid leukemia blasts and to identify
quantitative three-dimensional nuclear features associated
with NPM1 mutation.19 Furthermore, evaluating these
volumetric phenotypes as population distributions across
thousands of cells allows for the continuous tracking of
disease progression and the emergence of drug-resistant
subpopulations.83–85 For solid tumors, the clinical problem is
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instead detection against an overwhelming normal
background. Verkhovskii et al. recovered tumor cells from
whole blood with optical-sectioning 3D IFC,129 and Borrelli
et al. identified ovarian cancer cells within strongly
unbalanced mixed populations with holographic IFC.130 Such
measurements are informative only if enough cells are
examined for the rare population to be sampled at all, which
is tied to ultra-high-throughput 3D IFC implementations.44,45

The latest advance towards clinical use has come from
cytology, where cytometric imaging of whole specimens
interpreted without human reading has reached clinical-
grade performance in cancer screening.131

However, diagnosis is not the only clinical endpoint that
3D IFC techniques can support. Prognostic inference from
single-cell imaging has been demonstrated in non-alcoholic
steatohepatitis,132 and label-free volumes acquired early in
culture carry enough information to predict the later
behavior of the same individual cells.133 The same
performance of 3D IFC can also be achieved in hematopoietic
and stem-cell characterization and in cell-therapy
manufacturing. Across all of these settings, what remains
unproven is not imaging capability but clinical evidence,
while future development should be focused on diagnostic
accuracy with consecutive patient samples.

4.6 Multicellular models and whole organisms

Besides single-cell investigation, distinct works have been
conducted on multicellular models or free-swimming
organisms, where the volumes report the identity,
organization, or behavior of the target rather than a feature
inside one cell. These specimens are usually large and
optically thicker than a single cell, whose phenotypes reside
not only in their constituent cells but also the distribution
and the arrangement of these cells. For example, light-sheet
IFC platforms have provided volumetric imaging of the internal
chlorophyll-a architecture of phytoplankton,42,134

microorganisms such as C. elegans and zebrafish,12,52,53 and 3D
spheroids that recapitulate the in vivo microenvironment more
faithfully than suspended single cells.11 Ultrafast confocal IFC
resolved the 3D motility of micro-organisms as they were carried
through the interrogation region.44,45 How much further this
class extends is currently limited by specimen handling rather
than by imaging, which requires reproducible and undamaged
transportation in a controlled orientation.

4.7 Microfluidic metrology

Another practically important type of application takes the
flow as the measurement target. Simultaneous multiplane
imaging reconstructs instantaneous 3D flow fields from
tracked tracer particles in channels that mimic vascular
bifurcations, revealing transport phenomena, including
radial migration and near-wall dynamics, which determine
where a cell will be, and how it will be oriented.101,102

Volumetric quantitative phase imaging has been also applied
to droplets and microreactors, measuring concentration

fields, mixing dynamics and interfacial behavior in situ.86,87

These measurements demand absolute positional accuracy
rather than molecular specificity, and they characterize the
hydrodynamic environment on which every cellular
measurement above implicitly depends.

5 Discussion and outlook

Driven by the fundamental need to resolve high-dimensional
cellular complexity within rapid microfluidic flows, the evolution
of 3D IFC has systematically confronted the trade-offs between
acquisition speed, spatial resolution, and system complexity.
From an engineering perspective, navigating this trade space
across both scanning and non-scanning paradigms ultimately
reduces to “how” depth is encoded (optical sectioning, light-field
parallax, or tomographic projections), “where” the information is
detected (single-pixel vs. camera), and “how fast” it can be
decoded. These choices directly dictate the biological
applicability of the system: light-sheet methods
emphasize axial discrimination for fine subcellular
mapping, while light-field favors single-shot simplicity
at extreme velocities for massive population screening,
and tomographic phase stresses phase contrast for
label-free imaging. Nonetheless, practical constraints
recur across modalities: (i) velocity spread and
rotation (beneficial for tomography but harmful for
scanning methods), (ii) spatial sampling (microlens
pitch, section spacing, angular coverage), and (iii)
computational bandwidth (increasing data rates driven
by 3D stacks). Addressing these 3D IFC bottlenecks necessitates
the next technological leap. The convergence of emerging
hardware and computational innovations, including optics,
engineering, and artificial-intelligence (AI) algorithms, could
help overcome current spatial and computational limitations,
ultimately driving the transition toward autonomous, fully
integrated 3D IFC platforms.

On the hardware front, integrating ultra-thin optical
metasurfaces with microfluidics offers a promising route
toward compact and information-rich optical architectures
for next-generation 3D IFC.135 Metasurfaces are planar
nanophotonic structures composed of subwavelength
resonators that locally manipulate the phase, amplitude,
polarization, and spectral response of light.136 This capability
enables multifunctional optical operations that
conventionally require multiple bulky refractive or
diffractive components.137 Recent metasurface-optofluidic
devices have demonstrated dynamic intensity, wavefront,
and spectral control within microfluidic channels,135 while
metasurface-enabled flow cytometry systems have utilized
spatial-spectral barcoding for single-shot fluorescence
classification.138 More broadly, these nanophotonic
platforms allow for encoding high-dimensional optical
information into camera-detectable spatial, spectral, and
polarization patterns. While conventional microlens arrays
have already demonstrated the value of parallelized
imaging by capturing multiple microfluidic channels
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across a wide field of view to maximize throughput,139

replacing these discrete refractive arrays with planar
nanophotonic elements presents an attractive direction for
future 3D IFC. Beyond mere miniaturization, metasurfaces
offer a unique opportunity to encode volumetric information
directly within a single flat optical element. For instance,
achromatic metalens arrays have demonstrated single-shot
light-field imaging,140 and light-field metasurfaces have
enabled 3D particle tracking.141 Furthermore, PSF-engineered
metalenses can encode depth directly into the captured
image, enabling the simultaneous recovery of intensity,
depth, and polarization from a single exposure.142 Because
metasurfaces provide deterministic optical transfer functions,
they can also be co-designed with computational
reconstruction algorithms, as recently demonstrated by
neural-network-decoded nanophotonic light-field cameras.143

Despite these advances, implementing metasurface optics in
practical 3D IFC will require addressing several open
challenges, such as achieving high optical efficiency across
broad fluorescence bands, maintaining stable performance
over large FOVs, and robustly calibrating wavelength- and
field-dependent aberrations. In this regard, the ongoing
maturation of AI-enabled broadband achromatic metalens
designs and scalable nanofabrication techniques, including
deep-ultraviolet stepper and nanoimprint lithography, is
progressively overcoming longstanding limitations in
chromatic dispersion and large-area uniformity. As these
design and fabrication capabilities converge, translating
metasurface optics into microfluidic flow cells could
provide a scalable path toward compact, manufacturable,
and intrinsically three-dimensional imaging flow
cytometry platforms.

Alongside these flat-optics developments, illumination
and collection are moving away from fixed, mechanically
actuated optics toward programmable beam shaping.
Electrically tunable lenses, acousto-optic deflectors, and
remote focusing, which displaces the imaged plane without
moving the objective, already switch planes on microsecond
to millisecond timescales in volumetric microscopy.144 In
microfluidics, they would decouple axial coverage from the
mechanical constraints that currently tie the sectioning rate
to the flow speed. Aberration correction is a second and
largely unexplored opportunity, since refractive-index
mismatch between sheath, sample, and channel wall,
flow-cell manufacturing tolerances, and the refractive
heterogeneity of the cells themselves all degrade the
point spread function on which every volumetric
reconstruction algorithm depends. Hardware adaptive optics is
mature in high-resolution imaging,145 while digital adaptive
optics is more directly applicable, because it uses the angular
components that a light-field or tomographic measurement
already records to cancel aberrations without additional
hardware.112 A flowing cell is an unusually favorable setting for
such corrections, since its static aberration can be
characterized once during calibration and then applied to every
subsequent event at no cost in acquisition time.

Detection is the axis on which 3D IFC is most acutely
constrained. Every volumetric encoding scheme divides a
fixed photon budget across planes, angular views, or
microlenses, so the technique is frequently photon-starved
rather than resolution-limited, and at realistic flow velocities
it is sensor read noise rather than the optics that sets the
practical floor. Single-photon avalanche diode (SPAD) arrays
address the challenge by counting individual photons
without read noise and resolve arrival times with picosecond
precision,146 and megapixel, time-gated formats are now
available.147 Photon counting relaxes the coupling between
signal-to-noise ratio and flow speed, and because such an
array records a decay rather than an intensity, it also makes
fluorescence lifetime available as a contrast channel that is
independent of fluorophore concentration and reports on the
metabolic state of the cell. High-throughput lifetime flow
cytometry148,149 and light-field tomographic lifetime
microscopy150 have been demonstrated separately, and their
convergence would make volumetric, lifetime-resolved IFC a
realistic near-term target. Event-based sensors approach the
same bottleneck from a different direction, because each
pixel reports asynchronously and only when its log intensity
changes, so that sparse cells against a dark background
generate far less data than a frame-based camera of
equivalent temporal resolution.151 Event-based acquisition
has already been used for video-activated cell sorting, where
it was adopted to break the dilemma between 3D
information loss and processing latency.152 In both cases
the data reduction happens at the sensor rather than
downstream in software.

Parallel to these hardware innovations, the rapid
development of artificial intelligence (AI) has created
transformative computational capabilities to decode the
massive volumetric information from the imaging data,
which are increasingly integrated across 3D IFC platforms.
Indeed, AI is offering new avenues for extracting rich
biological information from the complex, high-dimensional
data generated by 3D imaging systems. In conventional 2D
IFC, AI-driven approaches have demonstrated exceptional
performance for label-free cell-type identification, disease
recognition, and real-time intelligent cell sorting, with
convolutional neural network architectures, which have
enabled accurate single-cell discrimination at the throughput
of thousands of events per second.153–156 Extending to 3D
IFC, where volumetric cell images encode spatial
intracellular organization, 3D morphometric fingerprints,
and depth-resolved structural features that are fundamentally
inaccessible from 2D projections, the AI-driven approaches
substantially enrich the input information and amplify the
power of single-cell analysis, providing a higher-dimensional
feature space for phenotypic inference. Illustrative
demonstrations include AI-driven multimodal analysis for
clinical prognosis of non-alcoholic steatohepatitis from
liver cell characterization,132 and the prediction of future
single-cell behaviors, such as protein expression levels and
stress-induced phenotypic changes, from label-free 3D
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images acquired at an earlier time point, achieving prediction
accuracies exceeding 88%.133 Beyond cell-type identification
and classification, AI is increasingly applied to accelerate the
computationally intensive volumetric reconstruction pipelines
intrinsic to 3D IFC, enabling near-real-time analysis of high-
content volumetric data streams.17,157,158 The requirement
becomes stricter than near-real-time whenever the instrument
must act on what it sees, because a sorting decision has to be
issued while the cell is still upstream of the actuator, which
caps acquisition, reconstruction, inference, and actuation
together at a few hundred microseconds to a few
milliseconds. Two-dimensional image-activated sorting meets
such budgets by moving inference onto the instrument, where
field-programmable gate arrays or embedded GPUs run
compressed networks.159,160 For 3D IFC that siting is
necessary but not sufficient, and an edge-resident volumetric
pipeline becomes conceivable only if the reconstruction itself
is reduced to a single learned forward pass in place of
iterative deconvolution or Radon inversion.161,162 Looking
ahead, the development of self-supervised and weakly
supervised learning frameworks that reduce dependence on
exhaustive manual annotation, together with standardized
benchmarking protocols and reproducible training pipelines,
will be essential for translating AI-driven 3D IFC from
research demonstrations toward robust clinical
deployment.158 The convergence of volumetric IFC hardware
with physics-informed and data-driven AI represents a
powerful and rapidly evolving axis of progress that will
continue to deepen the biological and clinical insights at the
single-cell level.

The advances in volumetric acquisition, system
miniaturization, and AI-driven image analysis collectively chart
a trajectory toward autonomous, integrated IFC platforms
capable of end-to-end single-cell characterization with minimal
human supervision, ranging from real-time volumetric imaging
and intelligent phenotypic classification to active cell sorting
and downstream biomedical intervention.131 Extending to the
3D IFC regime, the scalability and modularity of emerging 3D
IFC designs position these platforms as versatile tools across
the full spectrum of biomedical inquiry. In fundamental
research, 3D IFC enables investigation of dynamic cellular
processes, organelle biogenesis, and population heterogeneity
at previously unattainable throughput.

An important emerging direction is the extension of these
capabilities beyond isolated cells toward more physiologically
representative three-dimensional culture models. High-
throughput volumetric analysis of adherent cells transported
on hydrogel microcarriers has already enabled quantitative
nuclear morphometry while preserving aspects of cell–matrix
interaction,11 illustrating a potential bridge between
conventional suspension cytometry and 3D culture-based
assays. However, direct applications of 3D IFC to patient-
derived organoids, complex multicellular immune interactions,
and host–pathogen systems remain comparatively
underexplored, and represent important opportunities for
future biological and translational development.

In clinical and translational settings, volumetric
phenotyping is also emerging as a promising complement to
conventional cytometric readouts for applications including
cancer-cell identification, hematopoietic cell characterization,
treatment-response assessment, and potentially stem-cell and
cell-therapy quality control. In these settings, access to 3D
morphology and intracellular organization may provide
discriminatory information that is inaccessible from
conventional 2D scatter and fluorescence measurements
alone. Realizing this potential will require not only continued
improvements in imaging speed, reconstruction, and
automated analysis, but also validation in clinically relevant
samples, standardized acquisition and analysis protocols,
and integration with robust sorting and downstream
workflows. The realization of compact, autonomous 3D IFC
instruments that integrate volumetric imaging, real-time AI,
and active cell sorting within robust, clinically deployable
workflows will demand continued interdisciplinary
innovation across optics, microfluidics, machine learning,
and biomedical engineering. Such convergence firmly
positions 3D IFC as one of the most dynamically evolving
frontiers in quantitative single-cell science, with
transformative potential not only for advancing our
mechanistic understanding of cell biology but also for
reshaping the practical landscape of precision diagnostics
and targeted therapeutic development.
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