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ABSTRACT
Monitoring real-time interactions in microrobotic and biological systems necessitates rapid multicolor fluorescence microscopy to

resolve cellular, micro-agent, and environmental dynamics. Sequential acquisition is widely used to capture multiple fluorescence

channels while minimizing spectral crosstalk and photobleaching. However, this approach limits imaging speed in proportion to

the number of channels, reducing its suitability for capturing micro-agents and cellular interactions. This study introduces a real-

time multicolor reconstruction framework that exploits cross-channel inputs (frames containing mixed spectral contributions) to

enable simultaneous reconstruction of target fluorescence channels. The framework is evaluated on a custom-built three-channel

fluorescence microscope, benchmarking two representative models: a standard supervised convolutional encoder–decoder with

skip connections (U-Net) and an adversarially trained conditional model (pix2pix). Experimental validation is conducted in a

microfluidic environment containing active functionalized structures (Coumarin 6-labeled electrospun magnetic fibers) and pas-

sive biological agents (CellTracker Red CMTPX-labeled HeLa cell spheroids), where external magnetic fields actuate the micro-

agents to drive interactions with the spheroids. Prediction performance is evaluated in two- and three-channel settings, yielding

high-fidelity reconstructions at 13.9 ms inference time. The proposed approach can increase the effective frame rate for three-color

channels by up to 83%, enabling high-throughput multicolor imaging.

1 | Introduction

Multicolor fluorescence microscopy is a fundamental tool in mod-
ern bioimaging, enabling the simultaneous visualization of multi-
ple biological structures through spectrally distinct fluorophores
[1, 2]. In recent years, its capabilities have become increasingly
valuable in medical microrobotics and related fields, where func-
tional micro-agents are deployed to interact with living tissues
[3], deliver therapeutics [4], detect toxins [5, 6], or perform prec-
ision biopsies within complex biological environments [7, 8].
Visualizing the spatiotemporal dynamics of such micro-agents,
often involving multiple fluorophore-labeled agents, requires high
spectral specificity and real-time imaging to capture rapid events
such as binding, internalization, or mechanical manipulation

[9]. Applications such as targeted cancer therapy, localized drug
delivery, and minimally invasive interventions can benefit from
multicolor imaging, enabling simultaneous monitoring of micro-
agent motion, cellular responses, and environmental markers
[10–12]. However, simultaneously achieving high temporal resolu-
tion and spectral discrimination for microrobotic systems interact-
ing with biological samples remains challenging [13–15].

Multicolor fluorescence systems typically balance spectral specific-
ity against acquisition time in four ways: (1) Sequential time-
multiplexing alternates excitation and detection paths to acquire
each channel separately [16]. This minimizes crosstalk but reduces
the effective frame rate and risks temporal misregistration in rap-
idly moving scenes [17]. (2) Hyperspectral microscopy and Fourier
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transform imaging spectroscopy (FTIS) resolve a per-pixel spec-
trum and separate fluorophores by spectral unmixing using mea-
sured libraries [18, 19]. In FTIS, the interferogram of each pixel is
recorded by stepping the optical path difference, and its spectrum is
recovered via inverse Fourier transform with phase/apodization
corrections [20, 21]. These approaches typically require spectral cal-
ibration and are computationally demanding, which can constrain
real-time use [22–24]. (3) Snapshot/compressive spectral imaging
acquires one or a few coded measurements and reconstructs a
spatial–spectral datacube (or band images) by solving an inverse
problem—classically via iterative, sparsity-regularized solvers.
This trades spatial/spectral resolution for speed and can be sensi-
tive to motion and solver artifacts. (4) Optical multiplexing with-
out scanning assigns spectral identity to engineered point spread
function (PSF) shapes for computational classification [25].
Performance is sensitive to PSF morphology—which varies with
depth, aberrations, and emitter density/crowding—making it less
robust in dynamic, extended, or scattering scenes. Another optical-
multiplexing route is simultaneous multichannel acquisition (e.g.,
beam splitters/multisensors), which demands precise interchannel
registration and crosstalk calibration for software correction [26].

Beyond acquisition strategies, deep learning has broadened fluores-
cence workflows by extracting spatial and spectral structure from
limited measurements [27]. AutoUnmix, a lightweight autoen-
coder, performs spectral unmixing of multispectral inputs with
near-real-time GPU inference [28]. Generative adversarial network
(GAN) models add perceptual/detail fidelity and distribution mat-
ching, enabling cross-modality super-resolution and 3D unpaired
translation [29, 30]. Task-assisted GAN models couple resolution
enhancement with downstream biological segmentation [31].
Learned PSF models support filter-free, color-to-PSF classification
for multicolor localization microscopy [32]. Snapshot/confocal
spectral systems have been accelerated with deep networks for fast
band reconstruction [33], and hyperspectral spectrum imaging has
likewise leveraged generative models (SpecGAN) for learned spec-
tral recovery [34]. Filter-free fluorescence microscopes driven by
deep learning models further reduce hardware complexity while
computationally recovering color channels [35]. Despite the afore-
mentioned advancements, most deep learning applications report
spectral specificity on static samples, with less emphasis on real-
time reconstruction during motion. Furthermore, while recent
studies often target specialized optical platforms, routinemulticolor
microscopy mainly uses sequential acquisition in standard micro-
scopes. Applying deep learning in such settings remains compara-
tively underexplored—particularly for microrobotic systems int-
eracting with biological samples.

This study presents a real-time multicolor reconstruction frame-
work that simultaneously predicts target fluorescence channels
from cross-channel inputs (i.e., frames containing mixed spectral
contributions). During framework deployment, it replaces sequen-
tial multichannel stacks by deriving target fluorescence channels
from cross-channel frames. As a result, it shortens acquisition time
and excitation dose while preserving channel-specific fidelity and
temporal coherence. We benchmark the framework on a custom-
built three-channel fluorescence microscope using two represen-
tative models under matched settings: a supervised U-Net and a
pix2pix model with an identical U-Net generator and a PatchGAN
discriminator. Validation is performed on a microfluidic platform
under magnetic manipulation, comprising Coumarin 6-labeled
electrospun magnetic fibers (active micro-agents) interacting with

CellTracker Red CMTPX-labeled HeLa spheroids (passive agents).
In this setting, the framework supports spatial analysis of spher-
oid position and micro-agent orientation while maintaining
performance on unseen sequences and under reduced-excitation
conditions. Overall, the proposed strategy provides a practical and
scalable route to real-time multicolor fluorescence imaging in
dynamic microsystems.

2 | Results and Discussions

The results are organized to introduce and evaluate the proposed
framework for real-time multicolor reconstruction. We first
outline the cross-channel acquisition and deep-learning-based
inference approach, and motivate real-time constraints with a
dynamic micro-agent–spheroid assay under magnetic manipula-
tion. We then quantify the structural informativeness of the
cross-channel inputs relative to each target channel using a
gradient-based contrast similarity metric. Reconstruction fidelity
and latency are assessed with quantitative metrics and visual
comparisons. We further examine performance under reduced
excitation, analyze fluorescence efflux over time, and probe spa-
tial accuracy with a tracking-based analysis. We extend the work-
flow from two to three channels by incorporating an auxiliary
background-fluorescence measurement. Finally, we test our
approach on morphology-matched HeLa cell spheroids labeled
with different fluorescent dyes.

2.1 | Cross-Channel Acquisition and
Deep-Learning-Based Inference

In multicolor fluorescence microscopy, achieving spectral sepa-
ration between fluorescence channels requires careful selection
of labels that can be independently excited by tunable or discrete
wavelengths. Each fluorescent label emits spectrally filtered fluo-
rescence upon excitation and is directed to one or more detectors
(e.g., cameras or photomultipliers) for image formation. To min-
imize spectral crosstalk and cumulative phototoxicity, channels
are typically acquired sequentially using synchronized excitation
sources and either a shared detector with tunable filters or mul-
tiple source–detector pairs. However, this sequential strategy can
be limited in real-time multicolor fluorescence microscopy, as
the effective frame rate decreases with the number of channels,
and timing becomes more demanding as throughput increases.
Figure 1A illustrates this conventional strategy, where staggered
timing underscores the sequential nature of acquisition and each
frame corresponds to a matched excitation–emission pair.

In this study, we introduce a cross-channel acquisition strategy
coupled with deep-learning-based reconstruction. Instead of
acquiring each fluorescence channel separately, cross-channel
frames are captured using crossed excitation/emission paths
(Figure 1B). This way, based on the fluorophore spectra and filter
sets, the acquired images contain a mixed but informative con-
tribution from the target channel. A deep-learning model then
uses this mixed input to reconstruct the target channels simulta-
neously in real time. This reduces the number of exposures per
acquisition cycle, increases the effective sampling rate, and main-
tains channel specificity through learned cross-channel map-
pings. Two representative deep-learning models are evaluated
to validate the proposed framework. First, a supervised U-Net
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[36] is used for per-pixel regression: an encoder–decoder with
skip connections that predicts each target fluorescence channel
from the cross-channel input using an L1 loss. Second, we assess
pix2pix [37], configured with the same U-Net generator and a
PatchGAN discriminator. U-Net and PatchGAN architectures
are detailed in Figure S1 (Supporting Information). Training uses
paired data consisting of the cross-channel frame (input) and
ground-truth target channels obtained from sequential acquisi-
tions. Pre- and postprocessing, as well as key hyperparameters,
are kept identical across models to ensure a fair comparison
(details in the Experimental Section). At deployment, U-Net
and pix2pix generator models are exported and compiled with
Torch-TensorRT into a unified pipeline, with identical input/out-
put and batching paths.

2.2 | Real-Time Imaging of Micro-Agent–Spheroid
Interactions

The dynamic interaction between magnetic micro-agents and bio-
logical targets presents a complex imaging scenario requiring high
temporal and accurate spectral channel separation. Sequential fluo-
rescence acquisition, while minimizing spectral crosstalk, is inher-
ently limited by temporal resolution and risks spatial drift or
misalignment across channels due to object motion during the
acquisition process. Coumarin 6-labeled electrospun magnetic
fibers serve as micro-agents, magnetically actuated to interact with
CellTracker Red CMTPX-labeled HeLa cell spheroids (Figure 2A).
Under external magnetic fields, the micro-agents exhibit controlled
translational and angular motion, enabling physical contact, man-
ipulation, and displacement of spheroids within the microfluidic
environment. While these interactions can lead to partial spatial
overlap at the interface between agents and spheroids, the system

does not involve true fluorescence colocalization within the same
diffraction-limited volume, as the fluorophores label distinct physi-
cal entities.

Fluorescence channels for micro-agents (M) and spheroids (C)
are defined by specific LED-camera configurations designed to
selectively excite and capture channel-specific information from
each agent (Figure 2B). Overlap arises primarily from emission
tail spillover between fluorophores due to partial spectral overlap
in their excitation and emission spectra. Although excitation and
emission filters (details can be found in the Experimental
Section) are employed to suppress this crosstalk, residual spectral
mixing and optical scattering persist, particularly under off-
diagonal LED-camera combinations. These conditions result in
cross-channel frames containing mixed yet structurally informa-
tive fluorescence signals.

In the context of the proposed framework, these cross-channel frames
serve as inputs for reconstructing the target fluorescence channels.
To acquire sequential and cross-channel frames, all cameras are
hardware-triggered on every LED pulse (Figure 2B), producing four
frames per LED sequence. Frames withmatched excitation/detection
(LED-M→Cam-M and LED-C→Cam-C) form the sequential frames,
denoted MM and CC. The unmatched pairs (LED-M→Cam-C and
LED-C→Cam-M) are the cross-channel frames, denoted CM and
MC. Figure 2C shows representative sequential and cross-channel
frames capturing micro-agent–spheroid interactions. The cross-
channel frames embed mixed spectral and spatial features, providing
the basis for computational inference of target fluorescence channels.

2.3 | Channel Reconstruction Assessment

To evaluate the feasibility of reconstructing the sequential fluores-
cence channels (i.e., ground truth) from cross-channel inputs, we

Sequential Acquisition Cross-Channel Acquisition and Deep-Learning-Based Inference
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FIGURE 1 | Conceptual overview and comparison of sequential multicolor fluorescence acquisition and the proposed framework. (A) Sequential

acquisition: each fluorescence channel is acquired independently using matching excitation–detection pairs, requiring multiple LED-camera cycles to

obtain multicolor images with reduced crosstalk. (B) A predefined cross-channel excitation–detection combination captures mixed information used by

a deep learning model (U-Net or pix2pix) to predict the fluorescence channels in real-time.
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quantified their structural overlap using G-NCC. This metric cap-
tures the correlation between the spatial gradient fields, making it
suitable for microscopy, where morphology, edges, and fine details
are of paramount relevance. Unlike intensity-based metrics,
G-NCC emphasizes structural alignment and is robust to global
intensity variations caused by exposure time or fluorophore con-
centration. Figure 3A outlines the analysis workflow: the input
cross-channel frames (CM and MC) are masked at varying percen-
tiles, and their gradients are compared against the ground truth
(MM and CC frames). The resulting G-NCC values are computed
across percentile thresholds, and the maximum value is used to

quantify the structural overlap between the input and each target
channel. Figure 3B shows that CM has substantially higher struc-
tural overlap with MM than with CC, indicating strong morpho-
logical cues from the micro-agent channel. For both ground truths
(MM and CC), CM also yields higher structural overlap compared
to MC. This asymmetry highlights a directional bias in cross-chan-
nel information, driven by the specific excitation–emission charac-
teristics of the fluorophores and the configuration of spectral filters.
Although the acquisition geometry appears symmetric, the result-
ing structural content is not, due to factors such as unequal emis-
sion tails, filter leakage, and differential brightness. This

A

B

C

FIGURE 2 | Experimental system and acquisition design for multicolor fluorescence imaging of microrobotic and cellular microenvironments.

(A) Schematic of the microfluidic sample environment containing magnetic micro-agents (made of electrospun fibers labeled with Coumarin

6) and HeLa cell spheroids (passive agents, labeled with CellTracker Red CMTPX), alongside fluorescence excitation and emission spectra of each

label. (B) Timing diagram of LED excitation and camera detection for each fluorescence label, illustrating sequential and cross-channel acquisition

frames. Frame labels denote excitation–detection pairings for micro-agents (M) and HeLa cell spheroids (C). (C) Example fluorescence images acquired

under sequential and cross-channel excitation–detection combinations, shown by camera and LED pairing. Scale bars: 100 μm.
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asymmetry suggests that cross-channel selection should be guided
by acquisition balance and the actual information content captured
under each configuration.

Figure 3C presents a systematic evaluation of G-NCC as a function
of exposure time, using CM as the input for reconstructing the tar-
get fluorescence channels. For both CM–MM and CM–CC pairs,
structural overlap drops noticeably below 22ms, indicating that
noise becomes prominent and degrades the ability to recovermean-
ingful spatial features at low exposure. This supports a 22ms prac-
tical lower bound for reliable reconstruction. Beyond this point,
CM–CC reaches a plateau around 33ms, while CM–MM continues
to increase more gradually, with no apparent saturation within the
tested range. Notably, G-NCC remains relatively stable between 22
and 66ms across both channel pairs, supporting the decision to
train the models using only 22ms exposure data. This selection
balances temporal resolution and structural fidelity, enabling

real-time imaging performance without compromising reconstruc-
tion accuracy. The G-NCC framework enables a pretraining diag-
nostic to evaluate channel informativeness and guide model
design. In different imaging systems employing automated filter
wheels or tunable optics, similar cross-channel relationships can
be characterized in advance. It is worth noting that the model
learns the mapping defined by the supervision it receives.
Consequently, sufficient separation in the target channels is essen-
tial at the training stage, as strongly mixed targets do not provide
the supervisory structure required to learn or enforce channel-sep-
arated outputs.

2.4 | Evaluation

Building on the channel reconstruction assessment, performance
is evaluated on an independent test set (750 frames), disjoint

A

D

B C

FIGURE 3 | Gradient-based cross-channel analysis for evaluating channel reconstruction. (A) Workflow diagram: gradients are computed from

cross-channel input frames and sequential ground-truth frames, followed by gradient-normalized cross-correlation (G-NCC) between input and

ground-truth gradients. (B) Bar plot of maximum G-NCC values across all cross-channel frames (mean ± SD, n= 4) at 55 ms exposure. (C)

Dependence of maximum G-NCC values on exposure time (mean ± SD, n= 4) for CM input frame against each ground-truth channel. (D)

Example analysis for cross-channel frame CM: gradient images of CM input (top row) and ground-truth channels MM and CC (bottom row), with

corresponding maximum G-NCC values. Gradient visualizations are contrast-enhanced by applying a luminance bias toward the upper dynamic range.

Scale bars: 100 μm.
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from training and early-stop validation datasets (details can be
found in the Experimental Section). We compare U-Net against
pix2pix (U-Net generator and PatchGAN discriminator) predic-
tions, both trained using the same L1 loss weight. Thereby, any
performance gap isolates the effect of the adversarial term used in

pix2pix. In both cases, CM serves as the input to predict MM
(micro-agents) and CC (spheroids) channels. Figure 1A shows
one representative frame, including the input, ground truth,
and model predictions for MM and CC channels. Quantitative
analysis is performed using SSIM, PSNR, and GCS between

Input: CM Ground Truth U-Net Prediction
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FIGURE 4 | Framework performance using U-Net and pix2pix architectures. (A) Representative frame reconstructions for each target channel (MM:

micro-agents; CC: spheroids) from a single CM input (cross-channel frame). Columns show input, ground truth, and predictions. Gamma correction (γ =
0.5) is applied to the input CM to improve the visualization. (B) Quantitative evaluation of structural similarity index metric (SSIM), peak signal-to-noise

ratio (PSNR), and GLCM-based contrast similarity (GCS) across 750 frames. Violin plots show distribution, mean (⋅), and standard deviation (vertical

black line). (C) Gradient images of regions of interest (ROIs) presented in panel (A), comparing ground truth and model predictions. (D) Inference time

distribution of U-Net and pix2pix over 750 frames, representing simultaneous reconstruction of bothMM and CC channels. Because pix2pix uses a U-Net

generator, the inference time is effectively identical for both models (mean ≈13.9 ms). Scale bars: 100 μm.

6 of 16 Advanced Intelligent Discovery, 2026

 29439981, 0, D
ow

nloaded from
 https://advanced.onlinelibrary.w

iley.com
/doi/10.1002/aidi.202500176 by U

niversity O
f T

w
ente Finance D

epartm
ent, W

iley O
nline L

ibrary on [30/04/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



ground truth and predictions (Figure 4B). Our results show con-
sistent reconstruction capabilities as reflected by SSIM (CM→CC
>0.95; CM→MM >0.87) and PSNR (>25 dB for both models) val-
ues across models. In comparison to U-Net, pix2pix yields higher
GCS values on CC predictions without a significant reduction of
SSIM and PSNR. This suggests that the adversarial term primar-
ily improves perceptual/texture contrast while preserving inten-
sity-based fidelity. For MM, differences are minimal as micro-
agent morphology presents lower intrinsic texture (i.e., more
edge-dominated) relative to CC. Figure 4C illustrates the texture
differences using gradient images of a region of interest in chan-
nel CC. Consistent with these observations, Figure S3 shows that
even the introduction of a small adversarial weight (λadv) system-
atically increases GCS while leaving SSIM and PSNR virtually
unchanged. The inference time distribution is identical for the
two models (i.e., mean ≈13.9 ms) because pix2pix uses a U-Net
generator (Figure 4D). This low-latency performance supports
real-time deployment at standard video frame rates, enabling live
reconstruction of magnetically actuated micro-agents interacting
with biological targets in microfluidic environments.

The framework’s robustness under limited excitation is evaluated
across four irradiance levels. We tested U-Net and pix2pix by pro-
gressively dimming LED-M and LED-C in tandem (Figures S5A
and B, Supporting Information), from the training settings of
62.5 and 13.5 mW cm−2 down to 18.9 and 3.8 mW cm−2, respec-
tively. With a fixed L1 weight (λ1 = 100) and λadv = 0.05 for pix2-
pix, both models produced stable MM and CC reconstructions
across the full range, including irradiances outside training
(Figure S5C, Supporting Information). We further assessed
real-time performance on an independent dataset acquired at
30.7 and 6.5 mW cm−2 for LED-M and LED-C (Video S1), where
the framework maintained high reconstruction accuracy without
retraining, indicating generalization to dimmer conditions.

Following the variable-irradiance test, we evaluate the frame-
work’s capability to track a natural fluorescence decay due to
dye efflux. This setting isolates temporal intensity changes from
illumination effects while tracking the fluorescence change of a
HeLa cell spheroid labeled with CellTracker Red CMTPX.

Figure 5A shows a time-lapse sequence of ground truth and U-
Net/pix2pix merged predictions. The predictions for micro-agents
(green) and spheroid (red) channels qualitatively preserve struc-
tural integrity. Moreover, Figure 5B shows that normalized fluo-
rescence change (ΔF=F0) in the spheroid channel closely follows
the monotonic ground-truth trend across the tested models. Root
mean square errors are reported for U-Net: 0.58% and pix2pix:
1.55%. Notably, the models track the trend and slope of the fluo-
rescence decay FðtÞ over time while minimizing the excitation
dose on the spheroid. In practice, the spheroid dye is not excited
directly, which minimizes photodamage and bleaching and iso-
lates the efflux measurement.

2.5 | Fluorescence-Guided Real-Time Tracking

To assess the framework’s suitability for real-time applications,
we evaluate its spatial accuracy on dynamic fluorescence
sequences using U-Net and pix2pix (Video S2, Supporting
Information). Figure 6A shows frame-by-frame comparisons
between ground truth and pix2pix predictions for the MM
and CC channels across representative time stamps. Colored
markers indicate spheroid centroids for direct prediction–
ground-truth comparison. Positional errors along frame axes
(u and v) are shown in Figure 6B, demonstrating subcellular-
scale localization accuracy. Figure 6C shows angular error in
micro-agent orientation, confirming directional consistency
across the sequence. Root-mean-square errors for spheroid posi-
tion and micro-agent orientation using U-Net and pix2pix are
presented in Table 1. Independent of the models used, the input
channel (CM) is acquired in 22 ms, and the inference of MM and
CC takes ≈13.9 ms. This way, the effective dual color frame rate
increased by 22% with respect to fully sequential dual-color
acquisition at 44 ms. It is worth noting that for tracking appli-
cations, precise position and orientation matter more than tex-
ture realism. U-Net is less computationally demanding and less
prone to nonconvergence than pix2pix while still providing
accurate centroid and pose estimates. When visual fidelity
and realism are critical, pix2pix is preferable.
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FIGURE 5 | Temporal fluorescence decay and model tracking of dye efflux. (A) Time-lapse fields of view at 0, 10, 20, and 30min showing a HeLa cell

spheroid labeled with CellTracker Red CMTPX within an aqueous solution containing micro-agents (green). Top: ground truth; bottom: merged predictions

using U-Net and pix2pix. The gradual loss of red intensity reflects CMTPX efflux. (B) Normalized fluorescence change (ΔF=F0) over time, computed on a

centered 128× 128 pixels region of interest with F0 taken at t = 0min. Each 1-min time point represents the average of three consecutive acquisitions.

Predictions closely follow the ground truth (black circles), capturing the monotonic decay dynamics across the full 30-min sequence. Scale bars: 50 μm.
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2.6 | Three-Color Fluorescence Microscopy

Building on the real-time two-channel results, we extend the
framework to three-color fluorescence microscopy. We add a
third channel (LED-B/Camera-B) and introduce indocyanine
green (ICG), which labels the microfluidic channel and the sur-
rounding medium, providing context beyond the primary agents
(Figure 7A). The BB channel frames also carry indirect structural
cues about micro-agents and spheroids, likely due to scattering
by embedded iron-oxide nanoparticles and the gradual uptake/
swelling of ICG in spheroids over time.

We evaluate two input configurations for three-channel opera-
tion: (1) CM→(MM, CC), using an auxiliary BB frame acquired
sequentially for contextual visualization only; and (2) BB→(MM,

CC) to test how informative BB is as an alternative input
(Figure 7B,C). For CM-based reconstruction, CM and BB are
acquired sequentially while MM/CC inference overlaps BB expo-
sure, yielding 44 ms per three-color frame (50% higher frame rate
relative to fully sequential acquisition at 66 ms). In contrast, BB-
based reconstruction requires only 36 ms per three-color frame
(83% higher frame rate relative to fully sequential). Video S4
shows CM- and BB-based reconstructions using U-Net and pix2-
pix. Predictions at two timestamps with pix2pix are shown in
Figure 7D, demonstrating three-channel fluorescence imaging.
Overall, pix2pix reconstructions are consistent, as reflected by
the SSIM values (Figure 7E). Mean SSIM and PSNR values for
U-Net and pix2pix are reported in Table 2. CM-based reconstruc-
tion achieves higher similarity in MM, likely because BB frames
do not carry the same fine-grained information for MM as they
do for CC. From an image-formation standpoint, BB→MM
underperforms because it relies on indirect scattering contrast
(e.g., from iron-oxide–doped fibers and gradual ICG uptake)
rather than direct spectral crosstalk with MM. These cues are
weaker, geometry-dependent, and biased toward low spatial fre-
quencies, rendering the recovery of MM’s high-frequency fea-
tures ill-posed.

M
M

C
C

Ground Truth pix2pix Ground Truth pix2pix Ground Truth pix2pix Ground Truth pix2pix
M

er
ge

d

Elapsed Time: 1.11 s Elapsed Time: 4.35 s Elapsed Time: 7.19 s Elapsed Time: 9.46 s

Ground Truth

Prediction

u
v

Position Error

u
v

Angular Error

Ground Truth
Prediction

A

B C

FIGURE 6 | Assessment of spatial accuracy on unseen frames. (A) Frame-by-frame comparison of ground truth and pix2pix predicted fluorescence

channels for micro-agents (MM, green) and HeLa cells (CC, red) at selected time points. The merged view illustrates channel overlays, showing pre-

served structure and spatial consistency in predicted frames. Colored markers indicate the detected positions of spheroids in the ground truth (yellow)

and predictions (cyan), while arrows show the orientation of magnetic micro-agents in the ground truth (magenta) and predictions (pink), enabling error

quantification in a tracking-like test scenario. (B) Left: schematic illustration of spheroid position error as the vector displacement between predicted and

ground-truth centers. Right: joint histogram of 2D localization errors along the frame axes (u and v) across test frames (n= 350), with marginal dis-

tributions highlighting error spread. (C) Left: schematic of angular error between predicted and ground-truth micro-agents orientation. Right: polar plot

showing angular error (in degrees) as a function of elapsed time. Dashed lines indicate the maximum and minimum deviations observed during the

sequence. Scale bars: 100 μm. (Video S2, Supporting Information).

TABLE 1 | Aggregate root-mean-square (RMS) errors for spheroid

radial localization and micro-agents orientation across models.

Error metric U-Net pix2pix

Spheroid position—radial RMS, μm 5.79 6.15

Micro-agents orientation—RMS, deg 1.53 1.05
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In both proposed input configurations, the framework runs in
real-time with comparable inference latency (13.9 ms for two out-
put channels) as the deployment pipeline is identical across mod-
els and inputs. Although BB is a feasible alternative input, ICG’s

lower photostability and higher susceptibility to photobleaching
than the other labels can reduce quality during extended imaging
[9, 38]. Thus, under these settings, BB is most useful as a con-
textual channel and for exploratory reconstructions, while

U-Net or
pix2pix

MM CC MM CC

CM-Based Reconstruction BB-Based Reconstruction
(Trained Separately)

BB

CMCam-C

Cam-B

LED-M
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Prediction
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pix2pix

Wavelength [nm]

In
te
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3
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B
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Elapsed Time: 2.75 s

Input Input
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pix2pix Prediction
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Elapsed Time: 5.34 s

Ground Truth
pix2pix Prediction

Input: CM Input: BB

• Indocyanine Green (ICG)

• Magnetic Electrospun Fibers

• HeLa Cell Spheroids

Excitation/Emission Spectra of ICG
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Emission
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pix2pix
(CM Input)

pix2pix
(BB Input)

A

D

B C

E

FIGURE 7 | Real-time inference within a three-channel fluorescence microscopy workflow. (A) Fluorescence imaging setup used to acquire the

framework input frame (CM: LED-M/Cam-C). An additional acquisition (BB: LED-B/Cam-B) captures indocyanine green (ICG) fluorescence from the

surrounding medium, providing contextual information on the microfluidic environment. Right: excitation and emission spectra of ICG. (B) CM-based

reconstruction of MM and CC channel frames. The BB frames are acquired sequentially for visualization but are not used during inference. Inference is

performed in parallel with BB acquisition. (C) BB-based reconstruction of MM and CC. This configuration evaluates the informativeness of BB as an

alternative reconstruction source. (D) Representative predictions from both models compared to ground-truth MM and CC frames. (E) SSIM comparison

for MM and CC reconstructions using CM or BB as model input (n= 350 test patches). Scale bars: 100 μm. (Video S3, Supporting Information).
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TABLE 2 | Target channels (MM and CC) reconstruction performance across inputs (CM and BB) and models in a three-channel microscopy

workflow.

Metric (mean)

Input: CM Input: BB

MM CC MM CC

U-Net pix2pix U-Net pix2pix U-Net pix2pix U-Net pix2pix

SSIM (–) 0.89 0.88 0.98 0.98 0.72 0.69 0.98 0.98

PSNR, dB 29.69 29.26 37.04 37.83 23.32 22.83 37.49 39.21

Input (CM):
Cross-Channel Frame Ground Truth U-Net Prediction pix2pix Prediction
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d 
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3.
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 s

CMTPX
CMFDA

CMTPX CMFDA

CMFDA

CMTPX

Imbalance
Parameter (ß)

MM’ = ßMM CC’ = (1-ß)CC

MM CC

Linear Cross-Channel Map:
CM’ = aMM’ + bCC’ + c

pix2pixPrediction:
MM’

Prediction:
CC’(Trained on MM-CC-CM)TT

Synthetic Target ChannelsTT

Real Trarget ChannelsTT

Synthetic Cross-Channel Frame (CM’)

A

C D E

B

FIGURE 8 | Inference under similar morphology with intensity-based discrimination. (A) Spheroid samples are stained with two different dyes

(green CMFDA and red CMTPX). Left to right: cross-channel input frame, ground truth, and model predictions at three representative frames.

Despite morphology-matched spheroids, both models successfully recover distinct channels based on the intensity differences shown in input frames.

(B) SSIM distributions for CMFDA (MM) and CMTPX (CC) reconstructions using U-Net and pix2pix (n= 116). Dots denote means and bars standard

deviations. Scale bars: 100 μm. (Video S4, Supporting Information). (C) Linear cross-channel map fitted from real tri-channel measurements (MM, CC,

CM), relating the measured cross-channel intensity (CM) to a linear combination of the corresponding target channels. (D) Schematic of the synthetic

imbalance framework. Real target channels (MM, CC) are scaled using an imbalance parameter (β) to generate synthetic target channels (MM
0
and CC

0
),

which are combined via the empirical cross-channel map to form a synthetic cross-channel frame (CM
0
). A pix2pix model trained on real MM, CC, and

CM data is then used to predict MM
0
and CC

0
from CM

0
. (E) Masked SSIM between pix2pix predictions and synthetic targets as a function of the

imbalance parameter (β). Dots and error bars indicate mean values and standard deviations across samples, respectively. The gray shaded region high-

lights the empirically identified well-conditioned operating regime.
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CM-based input is preferred when maximizing MM fidelity and
robustness is the priority.

Following the three-channel workflow, we next consider the por-
tability of the framework to new dye sets and microscope archi-
tectures. Because the proposed approach relies on informative
cross-channel signals, successful deployment requires coarse
awareness of cross-channel coupling and accurate channel reg-
istration to ensure that the acquired inputs encode recoverable
information. As the number of channels increases, acquisition
of paired training data becomes the primary bottleneck, particu-
larly for frame-synchronous schemes using a single detector or
filter turret, where switching speed limits throughput.

Within these constraints, several practical strategies can be
employed, alone or in combination. (1) Clean, per-channel tar-
gets can be acquired on stationary samples to establish ground
truth under representative optical conditions. (2) During contin-
uous cross-channel acquisition, occasional fully separated target
frames can be interleaved and registered to nearby frames to pro-
vide sparse supervision. (3) Clean targets can be forward-mixed
using empirically measured cross-channel responses to synthe-
size cross-channel inputs matched to deployment conditions.

2.7 | Performance with Morphology-Matched
Spheroids

When morphology differs across fluorescence channels, the pro-
posed framework can utilize shape and texture cues alongside
cross-channel intensity information to separate target channels.
In such settings, reconstruction is typically robust to moderate
noise and clutter. Here, we instead consider a morphology-
matched regime in which shape-based discrimination is
minimized, and reconstruction relies primarily on the intensity
information contained in the cross-channel input.

To this end, we evaluate the framework on HeLa cell spheroids
stained with two spectrally distinct dyes (green CMFDA and red
CMTPX). In this configuration, the two channels share nearly iden-
tical morphology, and the discriminative information arises mainly
from relative intensity differences rather than structural features.
U-Net and pix2pix reconstruct the target channels with minimal
false merging or cross-contamination (Figure 8A and Video S4).
Quantitatively, full-frame SSIM values are≥ 0.97 for both channels
(MM and CC) (Figure 8B), indicating reliable intensity-based sep-
aration under morphology-matched conditions.

To probe the framework’s behavior under controlled intensity
imbalance, we construct a synthetic evaluation scenario based on
an empirically fitted cross-channel map (Figure 8C). Intensity
imbalance is introduced by scaling the target channels using a

parameter (β). The resulting scaled targets (MM
0
and CC

0
) are then

combined through the cross-channel map to generate a synthetic

cross-channel input frame (CM
0
= aMM

0
+ bCC

0
+ c). This syn-

thetic input is processed by a pix2pix model trained on MM,
CC, and CM data (Figure 8D), allowing assessment of reconstruc-
tion behavior outside the training intensity distribution.

Reconstruction accuracy quantified by masked SSIM (details in the
Experimental Section) shows a nonmonotonic dependence on β,

with MM
0
and CC

0
peaking within a well-conditioned regime

(β ≈ 0.2–0.45) (Figure 8E). Across all β, CC
0
is reconstructed more

robustly than MM
0
, reflecting the CC-dominant mixture statistics

present in the measured training data. Representative reconstruc-
tions and ROI-averaged scatter plots illustrating this transition are
shown in Figures S6A and B. As β approaches �0.52, the relative

contributions of MM
0
and CC

0
to CM

0
become comparable

(aβ ≈ bð1− βÞ⇔ β= a+ b
a ≈ 0.52), leading to a gradual loss of

reconstruction fidelity for both channels. This transition is accom-
panied by an increasing spatial redistribution of the predicted sig-
nal, as quantified in Figure S6C.

Notably, this transition is continuous, reflecting a gradual loss of
identifiability as relative signal contributions depart from the train-
ing distribution. This behavior is consistent with an intensity-based
inversion constrained by empirically learned information relation-
ships rather than categorical channel assignment. In practice, fluo-
rescence channel reconstruction is further limited when the target
channel contributions to the cross-channel frames approach the
background offset captured by the constant term (c) in the empiri-
cal map. As either aβMM or bð1− βÞCC becomes comparable to
this offset, the corresponding signal is no longer reliably encoded in

CM
0
, defining a practical operating regime governed by relative sig-

nal balance and absolute information level.

From a hardware perspective, incomplete spectral separation is a
recognized and often unavoidable limitation in several estab-
lished fluorescence imaging modalities. In live-cell multicolor
imaging, spectral overlap between fluorescent proteins and
organic dyes is common, particularly under high-speed acq-
uisition, where sequential excitation or filter switching is imprac-
tical [39]. Similar constraints arise in Förster resonance energy
transfer experiments, where donor bleed-through and acceptor
cross-excitation must be explicitly modeled due to unavoidable
crosstalk [40]. Reduced-excitation and low-phototoxicity imaging
accentuate crosstalk effects by operating close to the noise floor
[2]. In such regimes, crosstalk is typically tolerated as a trade-off
for temporal resolution or signal efficiency, motivating computa-
tional strategies that exploit informative cross-channel coupling.

3 | Conclusions

This study introduces a real-time, deep learning-based frame-
work for multicolor fluorescence microscopy that uses cross-
channel acquisition to reduce reliance on fully sequential chan-
nel capture. The framework is evaluated with two real-time infer-
ence architectures (U-Net and pix2pix), enabling high-fidelity
imaging of dynamic microsystems while preserving spectral spec-
ificity and structural detail. Our approach increases the multi-
color frame rate by 22% in two-color mode and up to 83% in
three-color mode, relative to fully sequential acquisition. The
framework covers two- and three-color micro-agent–spheroid
imaging, reduced-excitation imaging, normalized fluorescence
change due to dye efflux, real-time tracking, and inference under
morphology-matched scenarios. These results highlight the abil-
ity of cross-channel learning to recover missing target fluores-
cence channels when informative correlations are present.
Future work will extend the framework to higher channel counts
and fully parallel multichannel inference, while accounting for
conditioning limits imposed by cross-channel coupling and sig-
nal imbalance. Incorporating label-free contrast mechanisms or
multimodal imaging modalities could further broaden applicabil-
ity, from high-content screening to in vivo imaging, where rapid,
multiplexed acquisition is critical.
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4 | Experimental Section

4.1 | Cell Culture and Spheroid Preparation

HeLa cells are cultured in Dulbecco’s modified Eagle’s medium
(11-965-092, Fisher Scientific Ltd. Canada), supplemented with
10% fetal bovine serum (F7524-500ML, Sigma–Aldrich, USA),
and 1% penicillin–streptomycin (15-140-122, Thermo Fisher
Scientific Inc., USA). During the culture period, the cells are
maintained at 37°C in a humidified atmosphere containing 5%
carbon dioxide. In the 2D cell culture, the medium is changed
every 48 h. When cells reach 80% confluency, the cells are trypsi-
nized, counted, and resuspended in cell culture medium at a con-
centration of 2 × 106 cells/mL. For spheroid preparation, 0.2 mL
of cell suspension is placed on top of an agarose mold containing
1500 microwells with a depth and a diameter of 200 μm. This
results in spheroids which, on average, include approximately
270 cells. Solutions of 10 μM CellTracker Red CMTPX and
Green CMFDA are prepared in a serum-free medium and
subsequently incubated for 30 min with the spheroids, which
have been compacted for 3 days under cultivation conditions.
Afterward, the working solutions are removed, and the culture
medium is added again. HeLa cell spheroids stained with
CMTPX and CMFDA are fixed for 15min with 4% formaldehyde
(F8775-25ML, Sigma–Aldrich, USA) at room temperature for
long-term storage. This is followed by washing twice with
Dulbecco’s phosphate-buffered saline.

4.2 | Preparation of Magnetic Micro-Agents

Magnetic Electrospun fibers are fabricated using the electrospin-
ning technique. The two polymer solutions for electrospinning
consist of polystyrene pellets (430102-1KG, Sigma–Aldrich,
USA) as a carrier polymer, Coumarin 6 (442631-1G, Sigma–
Aldrich, USA) and Nile Red (72485-1G, Sigma–Aldrich, USA)
as hydrophobic fluorophores, iron oxide (Fe3O4) nanoparticles
(637106-25G, Sigma–Aldrich, USA) as a magnetic material,
and anhydrous N,N-Dimethylformamide (DMF) as a solvent
(227056-1L, Sigma–Aldrich, USA). The polymer solutions are
prepared using a 45.0% (29.8% polystyrene, 15% Fe3O4, and
0.2% Coumarin 6) weight-to-volume ratio in DMF. Each polymer
solution is homogenized by stirring for 24 h using a roller
mixer (LLG-uniRoller 6, LLG-Labware, Germany). For electro-
spinning, the polymer solution is placed in a plastic syringe
and connected through Teflon tubing to an 18-gauge blunt-tip
needle (TS18SS-15, Adhesive Dispensing Ltd., UK). Each solution
(0.04 mL) is electrospun at once using an accelerating voltage of
14 kV, a feed rate of 2.5 mL/h, and a needle tip-to-collector dis-
tance of 16 cm. Randomly oriented fiber meshes are collected on
grounded aluminum foil at 22°C and 30% humidity and dried at
room temperature for 12 h to remove the solvent residue.
Deposited fiber meshes are cut into 2–3mm pieces using a scalpel
and then immersed in a glass vial containing 1% (volume/
volume) Tween 80 (P4780-100ML, Sigma–Aldrich, USA) in
Milli-Q water. Fluorescent and magnetic micro-agents are obt-
ained by grinding the fibers using a sonicator (model 2510,
Branson, USA) for 2 h. Finally, the resulting micro-agents are
magnetically collected at the bottom of the vial using a perma-
nent magnet, allowing for the removal of the fluorescent super-
natant, which is then replaced with 4 mL of fresh Milli-Q water
containing 1% Tween 80.

4.3 | Microenvironment Sample

For two-channel experiments, 7 μL each of micro-agent solution
and HeLa spheroid suspension are used. An additional 7 μL
of indocyanine green (ICG) solution (250mg/mL in phosphate-
buffered saline) is included for three-channel experiments, mai-
ntaining a 1:1:1 volumetric ratio. The microfluidic channels
are fabricated using a standard soft lithography process [41].
Negative molds of microfluidic channels (height ≈187 μm)
are prepared on a silicon wafer in the cleanroom using SU-8
photoresist. A mixture of 10:1 Sylgard 184 polydimethylsiloxane
(PDMS) and the curing agent is poured onto the wafer and cured
in the oven at 70°C overnight. The cured PDMS layer is gently
removed from the wafer, and inlet and outlet ports are punched.
Finally, the microfluidic channels are obtained by bonding the
PDMS layer to a microscope slide using plasma oxidation.

4.4 | Excitation and Emission Spectra

Excitation and emission spectra of fluorescent labels are measured
using a spectrofluorometer (FP-8300, Jasco, Japan) in the range of
200 nm and 900 nm with a 1 nm data interval. For spectrum anal-
ysis, 2.5 μM indocyanine green (I2633-25MG, Sigma–Aldrich, USA)
solution is prepared by dissolving 1.5 μg indocyanine green in
700 μL fetal bovine serum (16000044, Thermo Fisher Scientific,
USA). The solution is placed in a water bath at 37°C for 2 h to bind
indocyanine green to proteins in the culture medium [42]. A 10 μM
working CellTracker Red CMTPX (Thermo Fisher Scientific, USA)
solution is prepared in a serum-free medium by mixing 50 μg
CMTPX dye in the vial with 7.29 μL dimethyl sulfoxide (D2650-
100ML, Sigma–Aldrich, USA). 2 μL of CMTPX working solut-
ion is diluted in 700 μL of Milli-Q water. A solution of 4 μg of
Coumarin 6 (442631-1G, Sigma–Aldrich, USA) is prepared in
700 μL dimethylformamide (227056-1L, Sigma–Aldrich, USA).
All fluorescent solutions are placed in different quartz cuvettes
(CV10Q700F, Thorlabs, USA) for analysis.

4.5 | Multicolor Fluorescence Microscope

All experiments presented in this study are carried out using a
custom-built multicolor fluorescence microscope [38]. The
microscope consists of excitation and emission units. The excita-
tion unit generates discrete light beams with the center wave-
lengths of 470, 565, and 780 nm for sharp excitation of the
fluorophores using three individual narrow-spectrum light-
emitting diodes (LEDs) (M470L3, M565L3, M780LP1, Thorlabs,
USA). LEDs are collimated using 20 mm focal length aspheric
condenser lenses (ACL2520U-A, ACL2520U-B, Thorlabs, USA)
and coupled with filters (ET470/40x, ET572/35x, ET775/50x,
Chroma, USA) to select the excitation wavelengths. Three dis-
crete and collimated light beams are combined using two
dichroic mirrors (T660lpxrxt, T510lpxrxt, Chroma, USA) for
the excitation of the fluorophores using a single optical path.
The incoming light is focused and then collimated using bi-
convex and plano-convex lenses. Images of the LED chips are
obtained on the front focal plane of the plano-convex lens. A pro-
tective silver mirror (PF10-03-P01, Thorlabs, USA) directs the
collimated light. A 10× long working distance objective lens
(Plan Apo, Mitutoyo, Japan) is employed to focus the excitation
light on the sample. The objective is placed so that its back focal
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plane intersects with the image plane of the LED chips. Emitted
light from fluorophores is collected using a 5× long working dis-
tance objective (Plan Apo, Mitutoyo, Japan) and transmitted
toward the emission unit by a protective silver mirror (PF20-
03-P01, Thorlabs, USA). The emission unit separates the emitted
fluorescence light into spectral components for individual image
formation of microfluidic channels, HeLa cells, and micro-agents
using two dichroic mirrors (DMLP567L and DMLP805L,
Thorlabs, USA). Individual fluorescence light beams are directed
onto tube lenses (ITL200, Thorlabs, USA) to form images onto
complementary metal–oxide–semiconductor (CMOS) cameras
(CS135MUN, DCC3240N, Thorlabs, USA). Emission filters
(ET845/55m, ET623/60m, ET520/40m, Chroma, USA) are placed
before the cameras to block excitation light and select fluores-
cence wavelengths.

4.6 | Dataset Acquisition and Preprocessing

We employed hardware triggering to enable the simultaneous
acquisition of sequential and cross-channel fluorescence frames.
Two programmable signal generators (33510B, Keysight Inc.,
USA) are used in lock mode to ensure synchronization among
signal outputs. The first generator is connected to a demultiplexer
integrated circuit (74HC4052, Texas Instruments, USA) to drive
the sequential LED excitation [38]. The second generator is used
to send simultaneous trigger pulses to all cameras. All cameras
are set to 0 gain to ensure consistent image acquisition condi-
tions. The generated signals are validated using a high-resolution
four-channel oscilloscope (DSOX3024A, Keysight Inc., USA). We
mitigate camera-floor bias in the ground-truth channels via
intensity thresholding applied before augmentation and training;
cross-channel inputs are kept raw.

4.7 | Model Training and Deployment

For training, fluorescence images acquired at 22 ms exposure and
native resolution 1024× 1024 are resized to 256× 256. Each
resized frame is split into four nonoverlapping 128× 128 tiles,
which are spatially shuffled to increase variability. Models are
trained on both the full resized frames and the shuffled-tile var-
iants; random gamma jitter is applied only to the tile variants,
while raw resized frames are left unchanged (Figure S2,
Supporting Information). The dataset is split 4:1 into training
and validation. In total, 3750 paired images (input–output) are
extracted from 15 continuous video sequences spanning five dis-
tinct samples that include different spheroid sizes/morphologies
and diverse micro-agent actuation/aggregation patterns (Table S1,
Supporting Information). Three sequences (750 pairs) are reserved
for validation; the remaining 3000 pairs are doubled to 6000 via the
tile-shuffle augmentation for training.

We evaluate the proposed framework with two architectures: a
plain U-Net and a pix2pix model (U-Net generator with a
PatchGAN discriminator). Training is performed on an NVIDIA
RTX A6000 GPU (48 GB VRAM), using 45 GB of system RAM
and an 8-core CPU, with batch size 16 and learning rate
1× 10− 4. Early stopping monitors the mean SSIM on the valida-
tion set (750 images) with a patience of six epochs and a mini-
mum improvement threshold of 5× 10− 4. A detailed list of
training parameters is provided in Table S2.

The U-Net is optimized purely with an L1 reconstruction loss:

LU�Net = λ1
��y−GðxÞ��1 (1)

with λ1 = 100, where G maps the cross-channel input x to a pre-
dicted output by=GðxÞ, which is compared against the ground-
truth target y.

For pix2pix training, the discriminator D distinguishes real pairs
ðx, yÞ from fake pairs ðx,GðxÞÞ and minimizes

LD = −Ex,y log Dðx, yÞ½ �−Ex log
�
1−Dðx,GðxÞÞ�� �

(2)

The generator uses a nonsaturating adversarial objective and
LU�Net:

LG = λadv Ex − log Dðx,GðxÞÞ½ �+ λ1
��y−GðxÞ��1 (3)

with λ1 = 100 and λadv ∈ f0.05, 0.1, 0.2, 0.4, 1.0g. For compari-
son, the U-Net corresponds to the λadv = 0 case but is trained
separately with LU�Net. All trainings are stable, with smoothly
decreasing generator losses and steadily improving validation
SSIM until early stopping (Figure S4).

For the morphology-matched spheroids labeled with red CMTPX
and green CMFDA, we curated new datasets containing 1268
paired images for training and 317 for validation and early stop-
ping. Augmentations are applied as described in Figure S2,
resulting in a total training dataset of 2536 paired frames.

For deployment, the independently trained generators (Input
Channel → MM/CC) are wrapped into a single PyTorch module
that fans out a shared input and returns both outputs concur-
rently. The composite model is compiled with Torch-TensorRT
at FP16 for an input of 1× 1× 256× 256. Inference runs on the
RTX A6000, and latency is measured over the validation set with
CUDA synchronization. Please refer to the GitHub repository
(https://github.com/JuanJJHS/Cross-Channel-Acquisition-and-
Deep-Learning-Based-Inference) for the scripts used for prepro-
cessing, augmentation, and training.

4.8 | Brightfield and Scanning Electron
Microscopy

Brightfield images are acquired using an inverted microscope
(Axiovert A1, Carl Zeiss AG, Germany) for morphological inspec-
tion of HeLa cell spheroids. Scanning electron microscopy (SEM) is
performed using a JSM-7200F (JEOL, Japan) to visualize the mor-
phology of magnetic electrospun fibers at 450× magnification, with
a working distance of 7.3mm and an accelerating voltage of 5 kV.

4.9 | Irradiance Measurements

LED irradiance per channel is measured using a photodiode sensor
(S130VC, Thorlabs, USA) connected to a digital power meter con-
sole (PM100D, Thorlabs, USA). Reported values are averaged over
10 consecutive measurements to ensure accuracy and repeatability.

4.10 | Quantitative Metrics

All metrics are computed on native grayscale images (no histo-
gram matching). When ROIs are used, the side length and
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location are reported in the figure captions. Let y denote the
ground-truth image and by the predicted image, both quantized
to 256 gray levels. Unless noted, all metrics are computed over
all N pixels in the image, where i indexes pixel positions.

• G-NCC: By operating on gradients, G-NCC emphasizes
structural similarity while being insensitive to uniform
brightness shifts. The percentile sweep focuses the compari-
son on progressively stronger structural edges, with the
reported score corresponding to the most correlated percen-
tile. G-NCC is computed as follows:

G−NCCpðg,bgÞ=
P
i∈Mp

�
gi − gp

��bgi −bgp�ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
i∈Mp

�
gi − gp

�
2

r ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
i∈Mp

�bgi −bgp�2r

where g and bg are the gradient magnitude maps of y and by,
respectively. Mp is the set of pixels whose gradient magnitude
in g or bg exceeds the p-th percentile. The quantities gp and bgp
denote the mean values of g and bg over Mp, respectively. The
final score is taken as

G−NCC= maxp ðG−NCCpÞ

• SSIM: This metric correlates with perceived quality by
jointly assessing luminance, contrast, and structure. We
compute SSIM using the following equation:

SSIMðy,byÞ= ð2μyμby +C1Þð2σyby +C2Þ
ðμ2y + μ2by +C1Þðσ2y + σ2by +C2Þ

with local means μy, μby, variances σ2y , σ2by , and covariance σ
yby

computed using a Gaussian 11× 11 window. The constants
C1 = ðK1LÞ2, C2 = ðK2LÞ2 with K1 = 0.01, K2 = 0.03, L = 255.
These values follow the standard SSIM formulation and help
stabilize the metric when local means or variances are close
to zero.

• PSNR: This standard interpretable error metric in dB comple-
ments SSIM by emphasizing absolute, pixel-wise fidelity.
PSNR is defined as follows:

PSNRðy,byÞ= 10 log10
2552

MSEðy,byÞ
� 	

½dB�

MSEðy,byÞ= 1
N

X
i

ðyi −byiÞ2
• GCS: This metric complements SSIM and PSNR, providing

microtexture similarity and perceptual realism. Let PijðzÞ be
the normalized gray-level co-occurrence matrix (GLCM) of
image z computed with offset distance d= 1 pixel and angle
0°, 256 gray levels, symmetric counting, and normalizationP

i, jPijðzÞ= 1. GLCM contrast is computed as follows:

CðzÞ=
X
i, j

ði− jÞ2 PijðzÞ:

We compare contrast via:

GCSðy,byÞ= max 0, 1− j CðbyÞ−CðyÞ j
CðyÞ+ ε


 �
,

where ε = 10− 6. GCS ∈ ½0, 1�; 1 indicates perfect contrast
match.

• Normalized fluorescence change (ΔF=F0): This is a dimen-
sionless measure used in fluorescence imaging to track rel-
ative intensity dynamics independent of absolute gain. For a
region containing N pixels (full frame or an ROI), let:

FðtÞ= 1
N

X
i∈R

ziðtÞ,

where ziðtÞ is the grayscale intensity at time t. We compute
the normalized fluorescence change as follows:

ΔF
F0

ðtÞ= FðtÞ−F0

F0
× 100%

where the baseline F0 is the fluorescence intensity reference.

4.11 | Cross-Channel Map and Intensity
Imbalance Analysis

We estimated a linear cross-channel map using measured target
channels (MM and CC) and their corresponding cross-channel
frames (CM). The model is fitted using 116 paired frames acquired
under identical imaging conditions. A linear least-squares regres-
sion is performed to estimate the average coupling between chan-
nels, yielding the following relationship: CM= aMM+ bCC+ c,
with fitted coefficients a = 0.1241, b = 0.1334, and a constant offset
c = 0.02327, which accounts for background signal and residual
noise. This empirical model is subsequently used to generate syn-
thetic cross-channel inputs for controlled evaluation. Synthetic tar-
get channels are obtained by globally scaling the measured images

using an imbalance parameter β, such that MM
0
= βMM and

CC
0
= ð1− βÞCC. The corresponding synthetic cross-channel

frame is then computed as CM
0
= aMM

0
+ bCC

0
+ c. These syn-

thetic inputs are used exclusively for evaluation and are not
included during model training.

Reconstruction accuracy under intensity imbalance is quantified
using a masked SSIM. ROIs are defined from the measured
ground-truth target channels by percentile thresholding to
exclude background-dominated regions. Specifically, for mea-
sured target channels, binary ROI masks are defined as

RMMðiÞ=
(
1, MMðiÞ ≥ P98ðMMÞ
0, otherwise

RCCðiÞ=
(
1, CCðiÞ ≥ P98ðCCÞ
0, otherwise

(4)

where i indexes pixels and P98ð⋅Þ denotes the 98th percentile of
pixel intensities. The resulting ROI masks are computed once
from the measured channels and applied identically to the cor-

responding synthetic targets (MM
0
, CC

0
) and their predictions

prior to metric computation within the ROI.

To quantify the redistribution of predicted signal between
channel-specific regions, a signal leakage ratio (ρ) is computed.

For the predicted MM
0
( dMM

0
), this ratio is defined as

ρMM =

dMM
0 ⋅RCC

D E
dMM

0 ⋅RMM

D E (5)
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whereas for the predicted CC
0
(dCC0

) it is defined as

ρCC =

dCC0 ⋅RMM

D E
dCC0 ⋅RCC

D E (6)

Here, h⋅i denotes the mean over pixels within the ROI. This ratio
provides a direct and directional measure of cross-channel signal
leakage in the predicted outputs as a function of the imposed
intensity imbalance.
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Supporting Information

Additional supporting information can be found online in the Supporting
Information section. Supporting Figure S1: Architectures used in the
real-time reconstruction framework. (A) U-Net with a stem (first encoder
block), six further encoder blocks, a bottleneck, seven decoder blocks, and
a final transposed convolution that produces a 1× 256× 256 reconstruc-
tion (G xð Þ) from input cross-channel frame (x). To maintain pixel-
level registration between the input and the reconstruction, all two-
dimensional convolutions (Conv2d) and transposed convolutions
(ConvTranspose2d) use a kernel (k = 4), stride (s = 1), and padding
(p = 1) (reflect padding for Conv2d). The U-Net architecture features skip
connections, which are channel-wise concatenations: U2 ← U1½ kD7�,
U3 ← U2½ kD6�, ..., Final ← U7½ kD1�. (B) PatchGAN inputs are
concatenated pairs—real ( x½ ky�) and fake ( x½ kG xð Þ�). With strides (s = 1,
2, 2, 1, 1), it outputs a patch logitmap61× 61× 1. Binary cross-entropywith
logits is computed element-wise and averaged over patches within each
mini-batch. Supporting Figure S2: Data augmentation used to train U-
Net and pix2pix. From each paired frame set—co-registered images of
the same field of view consisting of the cross-channel input (CM) and its
targets (MM, CC)—we generate two training sam ples. (1) Resized-only:
resize to 256× 256 pixels. (2) Tiled–shuffled: take the resized frame, split
into four 128× 128 tiles, randomlypermute their order (re-sampled for each
source frame), and scale by α � U 0.1, 1.0ð Þ. The same α is applied to the
input and its paired target to preserve correspondence. Both outputs
(resized-only and tiled–shuffled) are stored andused for training. For inten-
sity scaling notation, “�”means “is drawn from”, andU a, bð Þ denotes the
continuousuniformdistribution on a, b½ �. Supporting FigureS3:Effect of

adversarial weight on reconstruction quality. Violin plots of structural sim-
ilarity indexmetric (SSIM), peak signal-to-noise ratio (PSNR), and contrast
similarity (GCS) for (A) CM→MM and (B) CM→CC. All models use an L1
loss with a reference weight of 100. pix2pix model adds an adversarial loss
weight (λadv ∈ 0.05, 0.1, 0.2, 0.4, 1.0f g). TheU-Net baseline (leftmost) cor-
responds to λadv = 0. Increasing λadv improves the texture reconstruction
fidelity and slightly reduces the SSIM and PSNR. In channel CC, this
improvement is more notorious even at small adversarial weights as the
spheroids containmore texture features compared to themicro-agent chan-
nel (MM). All pix2pix reconstructions presented in this study used λadv =
0.05, selectedasa trade-offbetweenGCS,PSNR,andSSIM.Violinenvelopes
show the score distribution for the 3 sequences used for validation (750
paired frames). Black dots and bars are the mean ± standard deviation.
Supporting Figure S4: Training and validation performance for micro-
agent (CM→CC) and spheroid models (CM→CC) using U-Net (λadv =
0) and pix2pix (λadv = 0.05) configurations. The first and third rows show
generator loss curves—weighted sum of L1 loss (λ1=100) and adversarial
loss (λadv)—plotted across training epochs. The second and fourth rows
show the corresponding validation SSIM curves used for early stopping.
Vertical dashed gray lines mark the selected early-stopping checkpoints.
Loss spikes reflect mini-batch variability and the inherent adversarial
dynamics under mixed precision. Supporting Figure S5: Fluorescence
channel reconstructions under progressive LED dimming. (A)
Representative CM input frames, ground truth, and composed reconstruc-
tions for MM (micro-agents) and CC (spheroids) at four irradiance sets (I–
IV). Gamma correction (γ = 0.5) is applied to input frames to improve visu-
alization. Scale bars: 100 μm. (B) LED irradiance for sets I–IV, showing tan-
dem dimming. (C) Relative fluorescence change (ΔF=Fref ) for CM, MM,
and CC frames. Using U-Net (λ1 = 100, λadv = 0) and pix2pix (λ1 = 100,
λadv = 0.05), we accurately reconstruct MM and CC and track per channel
ΔF=F0 across irradiance levels. Supporting Figure S6: Intensity imbal-
ance analysis using synthetic cross-channel inputs. (A) Representative syn-
thetic cross-channel inputs (CM 0), corresponding synthetic target channels
(MM 0 andCC 0), and pix2pix predictions for increasing intensity imbalance
(β). Scale bars: 100 μm. (B) Scatter plots of region-of-interest (ROI)–aver-
aged intensities comparing pix2pix predictions with corresponding syn-
thetic targets for representative β values. (C) Signal leakage ratio as a
functionofβ, quantifying redistributionofpredictedsignal into theopposite
channel’s region. Ratios remainnear zero in thewell conditioned regime (β
= 0.2–0.45) and increase sharply across the transition regime (β = 0.52),
indicating a progressive loss of identifiability as the intensity mixture
becomes ill-conditioned. Supporting Table S1: Acquisition settings per
data set used for training and validation. All sequences were recorded at
1024× 1024 with 0 dB camera gain and 22 ms exposure time. “FOV
Motion” indicates stage-driven field of view motion during acquisition.
SupportingTable S2:General training hyper parameters used for training
U-Net and pix2pix models.
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