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Conventional second near-infrared (NIR-II; 1,000 to 1,700 nm) fluorescence imaging cannot simultaneously
achieve a high signal-to-noise ratio and motion-artifact-free capture of rapid physiological dynamics. Here, we
introduce NIR-Il compressive fluorescence imaging (COFI), a high-speed, pixel-super-resolved compressive
imaging technique that encodes dynamics into single frames using a high-speed spatial light modulator
and alow-frame-rate NIR-Il camera. A hybrid reconstruction algorithm integrating a denoising convolutional
neural network with an enhanced super-resolution generative adversarial network subsequently restores
high-fidelity videos. The system achieves 3.3 kiloframes per second with a space—bandwidth-time product
of 4.22 x 108 pixels/s without compromising intrinsic sensitivity. Compared to conventional short-exposure
imaging with the same duration of 500 ps, NIR-Il COFl achieves a 36% improvement in signal-to-noise ratio.
Furthermore, using bright 1,525-nm nanoparticle probes, we demonstrate multicomponent phosphorescence
lifetime imaging, high-speed motion tracking, and real-time visualization of murine intestinal peristalsis in
both awake and anesthetized states. This work facilitates deep-tissue, high-speed in vivo imaging of fast
biological processes.
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Introduction

Second near-infrared (NIR-II; 1,000 to 1,700 nm) fluorescence
imaging has rapidly evolved into a transformative tool in bio-
medical imaging, owing to its superior optical characteristics
[1-8]. Compared to conventional fluorescence imaging in the
visible (400 to 700 nm) and first near-infrared (700 to 900 nm)
ranges, the NIR-II window substantially reduces photon scat-
tering by 3 to 5 orders of magnitude, minimizes tissue auto-
fluorescence, and lowers the optical absorption coefficient of
biological tissues by more than 80% [9-14]. These advantages
enable millimeter-scale penetration while preserving microm-
eter-level spatial resolution [15]. Moreover, the substantially
lower photon energy (approximately one-third that of visible
light) reduces phototoxicity and photobleaching, thereby extend-
ing the feasible duration for in vivo dynamic monitoring to
several hours [16]. Consequently, NIR-II fluorescence imaging
has become instrumental in biomedical applications, such as
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tumor therapeutics [17], cerebrovascular function assessment
[18], and neuroimaging of the brain [19]. Therefore, advancing
NIR-II fluorescence imaging technologies is critical for pushing
the boundaries of biomedical imaging and enhancing diagnos-
tic and therapeutic capabilities [20].

Despite its widespread adoption, NIR-II fluorescence imag-
ing continues to face challenges in achieving a higher spatio-
temporal resolution for complex in vivo applications. Since
Welsher et al’s groundbreaking demonstration of NIR-II fluo-
rescence in vivo imaging in 2009 [21], researchers in this field
have pioneered a suite of innovative probes [22-24]—including
quantum dots [25], rare-earth-doped nanoparticles [26], and
organic small-molecule dyes [27], which have substantially
expanded the range of NIR-II applications. Concurrently, inte-
grations with confocal microscopy [28], light-sheet illumination
[29], and super-resolved structured illumination microscopy
[30] have progressively enhanced the spatial resolution of
NIR-II fluorescence imaging. For example, Zubkovs et al. [31]
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reported 3-dimensional (3D) chloroplast imaging at 20 frames
per second (fps) with a sub-1.5-pm section thickness using
an NIR-II spinning-disc confocal microscope in 2018, achiev-
ing a spatial resolution smaller than 600 nm. Wang et al. [30]
employed the NIR-II structured illumination microscopy tech-
nique combined with digitally scanned laser beam-generated
structured illumination patterns to achieve a volumetric resolu-
tion of 1.7 X 1.1 X 1.6 pm and complete 3D imaging with single-
image exposure time durations of 100 to 150 ms. By integrating
NIR-II fluorescence microscopy with clinically approved indo-
cyanine green-labeled red blood cells and a high-speed NIR-II
camera, Zhang et al. [32] achieved 350-pm-deep spinal cord
vascular imaging and 100-fps dynamic tracking of red blood
cell velocity in 2022. Although NIR-II fluorescence microscopy
has achieved super-resolution performance beyond the classical
diffraction limit through advanced optical and computational
methods [28-32], its imaging speed remains constrained by the
slow response of cooled NIR-II detectors [33] and the reliance
on scanning-based acquisition modes. Consequently, NIR-II
fluorescence imaging faces a trade-off between achieving kilo-
frames per second (kfps) rates and maintaining the signal-to-
noise ratio (SNR) for high-speed in vivo imaging, thereby
falling short of capturing rapid physiological processes such
as neural activities and hemodynamic changes [20]. To date,
few studies have tackled the speed bottleneck of NIR-II fluo-
rescence imaging through innovations in optical system
design. This technological imbalance underscores the limita-
tions of conventional imaging paradigms in photon flux uti-
lization and multidimensional data acquisition, emphasizing
the urgent need for synergistic advancements in computa-
tional imaging algorithms and next-generation infrared detec-
tor technologies.

To overcome the limitations of NIR-II imaging techniques
imposed by InGaAs detectors, we developed a high-speed,
pixel-super-resolved compressive NIR-II fluorescence imaging
technique (NIR-II compressive fluorescence imaging [COFI]).
This system integrates a high-speed programmable spatial light
modulator (SLM) with an InGaAs camera, enabling the acquisi-
tion of spatiotemporal information from dynamic scenes in a
single exposure. As a result, the frame rate of NIR-II COFI
achieves more than an order-of-magnitude increase compared
to the native frame rate of the system’s camera. Additionally, to
ensure high-fidelity recovery of compressed scenes, we designed
a hybrid spatiotemporal reconstruction framework combining
the alternating direction method of multipliers (ADMM) and
a denoising convolutional neural network with a PhysicsUpdate
module (DPNet). Furthermore, pixel super-resolution (PSR)
was introduced via an enhanced super-resolution generative
adversarial network (ESRGAN) to overcome hardware resolu-
tion limits and achieve detailed image reconstruction. This
algorithm is referred to as DPNet-ESRGAN. Experimentally,
the system achieved an imaging speed of 3.3 kfps, which
improves the NIR-II detector’s imaging speed by 20 times with-
out compromising the detector’s intrinsic sensitivity, thereby
overcoming the inherent limitations of conventional NIR-II
fluorescence imaging. With an imaging field of view (FOV) of
2.4 mm X 1.92 mm, the NIR-II COFI system attains a spatial
resolution of 16.45 Ip/mm, corresponding to a space-band-
width-time product (SBTP), defined as the effective number
of resolved pixels multiplied by the frame rate, of 4.22 X
10° pixels/s. By contrast, the most widely used high-speed NIR-1I
cameras under comparable cooling conditions can achieve a
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maximum SBTP of only 3.6 X 107 pixels/s [34], while high-end
systems achieving comparable SBTPs are often prohibitively
expensive, such as the C-Red One camera. Additionally, we
compared the imaging parameters between the NIR-II COFI
system and representative state-of-the-art NIR-II imaging tech-
niques in Note S1 to more clearly demonstrate the advantages
of the developed system. Using NIR-II COFI, we successfully
performed phosphorescence lifetime imaging of multicompo-
nent rare-earth-doped nanoparticle samples by exploiting its
flexibility in temporal encoding and demonstrated its superior-
ity in maintaining a sufficient SNR with motion imaging of
fluorescent microspheres. Furthermore, we applied it in in vivo
imaging and realized a visualization of the dynamic process of
murine intestinal peristalsis in anesthetized and awake states,
which is difficult to distinguish with traditional low-frame-rate
NIR-II imaging methods. The results demonstrate the consider-
able potential of NIR-II COFI in biomedical research, offering
an accurate and efficient approach for studying complex bio-
logical dynamic processes and laying the foundation for future
deep-tissue imaging and in vivo biological research.

Results

Characterization of NIR-1I COFI system

To evaluate the capability of the NIR-II COFI system in track-
ing rapidly moving targets, a dynamic scene mimicking cell
movement with various shapes and velocities was captured. As
shown in Fig. 1A, a halogen light source filtered through a
1,550-nm band-pass filter (10-nm bandwidth) provided NIR-II
illumination to the dynamic scene, which was generated by a
digital micromirror device (DMD; DLP6500) refreshing pre-
generated images at 3.3 kHz. The NIR-II COFI system was
synchronized with the DMD to acquire the dynamic sequence.
Figure 1B shows the spatiotemporal integration image of the
dynamic scene acquired by the system with an exposure time
of 6 ms, where blue and pink arrows denote the predefined
motion trajectories of circular and elliptical cells, respectively.
Figure 1C presents the reconstructed 20-frame sequence (300-pis
interframe interval) with the DPNet-ESRGAN algorithm,
revealing the spatiotemporal evolution of object morphology
and motion trajectories that were obscured in the integrated
image. Quantitative assessment was performed by tracking the
centroid coordinates (x-y) of elliptical and circular cells across
the reconstructed frames, and the results are shown in Fig. 1D
and E. It is evident that the temporal trajectories of the centroid
coordinates reconstructed by the proposed algorithm exhibit
high consistency with the ground-truth references for both cell
shapes. These results validate the high measurement accuracy
of the system at an ultrahigh frame rate of 3.3 kfps. It is worth
noting that a compression ratio of 20 indicates that we can
improve the imaging speed of the camera by more than an order
of magnitude.

To validate the spatial resolution enhancement achieved by
the DPNet-ESRGAN algorithm in the NIR-II COFI system, a
dynamic resolution test pattern was projected by a DMD for
evaluation. Following a series of tests, we selected 3 optimal
line-pair sizes generated by the DMD—45.6, 60.8, and 76 pm
(line center to line center). The 3 sets of resolution test bars,
oriented at 45° to the horizontal direction, were projected and
translated at a constant velocity diagonally down to the left.
Figure 2A illustrates the reconstruction results obtained using the
DPNet-ESRGAN algorithm. Moreover, a comparative analysis
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Fig. 1. Validation of high-speed tracking capability using second near-infrared (NIR-1I) compressive fluorescence imaging (COFI). (A) Schematic of the experimental setup
combining digital micromirror device (DMD)-based spatial encoding with NIR-II detection. (B) Conventional time-integrated image (6-ms exposure) showing blurred motion
trajectories (indicated by arrows). (C) Reconstructed frames from a snapshot with the NIR-1l COFI system. (D and E) Comparisons of the centroid positions of the 2 cell patterns
with different shapes in reconstruction to the ground truth (GT) in the x and y directions, respectively. E, elliptical cell; C, circular cell.

of conventional plug-and-play ADMM (PnP-ADMM) [35] and
the proposed algorithm (see details in Note S2) indicates that
the latter provides a markedly enhanced spatial resolution. To
quantitatively assess the resolution improvement of the PSR
module in our algorithm, Fig. 2B presents the ideal and recon-
structed intensity profiles of the smallest and intermediate bar
pairs in the frame at 4.2 ms. The black dashed lines denote the
ground-truth cross-sectional intensity profiles, while the green
(red) solid and dashed lines represent profiles reconstructed
by the proposed algorithm with and without the ESRGAN mod-
ule, respectively. Evidently, integration of the super-resolution
module leads to substantial improvements in both detail pres-
ervation and spatial resolution in the reconstructed outputs.
Notably, the smallest resolvable bar pair corresponds to a mea-
sured system resolution of 16.45 lp/mm (lower subplot, Fig.
2B), which is comparable to the native resolution achieved by
direct, uncompressed camera imaging. Temporal stability was
quantified by computing positional errors along the x- and
y-axes between reconstructed frames and ground-truth pat-
terns over time, as shown in Fig. 2C. The positional errors were
obtained by subtracting each test line pair’s preset centroid from
the measured centroid and averaging, yielding maximum posi-
tional inaccuracies below 3.8 pm, indicating the stable imaging
and high accuracy of the NIR-II COFI system. With a 2.4 mm X
1.92 mm FOV, the SBTP of the system reaches 4.22 x 10° pixels/s,
enabling over an order-of-magnitude improvement in informa-
tion acquisition efficiency compared to conventional NIR-II
fluorescence imaging systems.

Phosphorescence lifetime imaging of

multicomponent nanoparticles

Phosphorescence lifetime microscopy (PLIM) has become an
indispensable tool for probing molecular interactions within
complex microenvironments. NIR-II PLIM with few snapshots
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or even one snapshot can vastly improve the imaging speed of
functional imaging [36]. Here, we used the NIR-II COFI system
to perform PLIM of multicomponent rare-earth-doped nanopar-
ticles in 2 consecutive exposures. Three types of nanoparticles,
all emitting at a center wavelength of 1,525 nm but with differ-
ent phosphorescence lifetimes, were designed as the 2 ears and
the head of a cat-head mold. A 980-nm continuous-wave laser
was modulated by a 50-Hz square wave with a 10% duty cycle
to generate pulsed light for exciting the mold. After a single
excitation pulse, we obtained 2 consecutive compressed images
and then recovered the dynamics from these 2 compressed
images using the proposed algorithm, as shown in Fig. 3A.
Considering the characteristic exponential decay profile of
nanoparticle fluorescence, featuring a rapid initial intensity
drop followed by prolonged slow-decay tailing, a flexible tem-
poral encoding strategy was adopted for efficient sampling. The
first compressed image, acquired at a compression ratio of 20,
was configured to densely sample the rapid decay phase, with
encoding intervals of 300 ps for the first 10 codes and 600 ps
for the last 10, each with a 150-ps exposure duration. The sec-
ond compressed image, obtained with a compression ratio of
10, targeted the slower decay tail using 1-ms intercode intervals
and 500-ps encoding durations.

To assess the accuracy of reconstruction, we compared the
reconstructed phosphorescence lifetimes at 3 locations—where
it was known that only one type of nanoparticle was present—
with the actual fluorescence decay curves measured using
the standard time-correlated single photon counting (TCSPC)
method. The results are shown in Fig. 3B, C, and D, in which
averaged and normalized phosphorescence lifetimes from recon-
struction are compared with ground truths for the marked red,
green, and blue regions of interest in Fig. 3A, respectively. The
calculated phosphorescence lifetimes of the 3 nanoparticles are
3.2, 4.5, and 7.2 ms, respectively, which are consistent with the
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Fig. 2. Spatial resolution improvement of the NIR-Il COFI system with the DPNet-enhanced super-resolution generative adversarial network (ESRGAN) algorithm. (A) Reconstructed
frames of a moving resolution test target. The regions marked with green and red boxes are magnified and displayed in frames at 0.9 and 3.3 ms, respectively. (B) Intensity
profiles along the green and red solid lines within the magnified boxes in (A) with and without pixel super-resolution (PSR). (C) Measurement errors along the x- and y-axes of the

reconstructed image from the ideal resolution test pattern at each time instant.

results measured by the TCSPC method. In addition, a
2-dimensional map of the mold’s phosphorescence lifetime was
also generated, as shown in Fig. 3E. The discrepancies in lifetime
in certain regions of the figure are due to inadvertent cross talk
among the samples during the mold fabrication process (see Note
S3 for details).

Dynamic tracking of the flow of fluorescent

microspheres within microfluidic channels

To further demonstrate the superiority of the NIR-II COFI sys-
tem over conventional NIR-II imaging in capturing high-speed
motion trajectories, we performed comparative experiments with
these 2 methods. Fluorescent microspheres were suspended in
deionized water and injected into a custom straight-channel
microfluidic chip (50-pm width, 20-pm depth) using a syringe
pump (MesoBioSystem, MS101P) at a flow rate of 0.06 pl/min.
See details of the characterization of infrared fluorescent micro-
spheres in Note S4. The morphology of a microsphere was char-
acterized using a commercial optical microscope in advance, and
the diameter was determined to be 10.14 um, as shown in the
inset of Fig. 4A. To observe the dynamic motion of fluorescent
microspheres, a 50X objective lens was introduced into the system
for magnification. The microfluidic channel was subsequently
illuminated with continuous-wave 980-nm excitation light to
induce NIR-II fluorescence emission from the microspheres,
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which was subsequently captured by the NIR-II COFI system.
The system acquired sequential compressed measurements at a
compression ratio of 20 with a coding interval of 1 ms, enabling
high-speed video reconstruction at an effective frame rate of
1,000 fps. A representative set of 20 consecutive reconstructed
frames is presented in Fig. 4B (see Movie S1 for the complete
reconstruction). Based on all reconstructions, we calculated the
temporal trajectory of the microsphere’s centroid and fitted its
variation curve, as shown in Fig. 4C. The flow velocity of the
particles derived from the fitted trajectory was 1.02 pm/ms, which
closely matches the preset flow rate. In addition, to compare with
traditional infrared imaging, we also captured the results of direct
imaging without compression under the condition of the same
camera frame rate and flow rate. The upper half of Fig. 4D shows
the results captured by the camera with a 19-ms exposure time,
while the lower half shows the results captured under the same
exposure time of 500 ps as the reconstructed frames. Compared
with the results of the NIR-II COFI system, it can be seen that
direct imaging has severe stretching artifacts under a 19-mslong
exposure, while a 500-ps short exposure captures only sparse
highlights and fails to stitch the complete trajectory. Additionally,
the SNR of each image acquisition method was quantitatively
compared by calculating the ratio of the mean intensity in the
signal region to that in the background region. As shown in Fig.
4E, the system can achieve an SNR of 29.75 at a frame rate of
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Fig. 3. Phosphorescence lifetime microscopy of multicomponent nanoparticles with NIR-II COFI. (A) Reconstruction results using the DPNet-ESRGAN algorithm, showing
a time lapse of phosphorescence intensity maps for a composite pattern containing materials with varying lifetimes. (B), (C), and (D) show the averaged and normalized
phosphorescence lifetimes from reconstruction compared with ground truths for the marked circle, square, and triangle regions of interest (ROIs) in (A), respectively.
(E) Phosphorescence lifetime distribution map reconstructed from the time-lapse intensity maps in (A).

1,000 fps, which is close to that with an exposure time of 19 ms
and 36% higher than that achieved by simply shortening the
exposure time to 500 ps. The SNR improvement is theoretically
underpinned by the multiplexing advantage in detector-noise-
limited systems. NIR-II COFI integrates the dynamic signal into
a single snapshot to incur the sensor’s high readout noise only
once, avoiding the cumulative noise penalty inherent to frame-
by-frame direct imaging. The above results comprehensively
demonstrate that the system can simultaneously achieve a high
temporal resolution, a high SNR, and complete trajectory acquisi-
tion under the same camera frame rate and flow rate, which is
particularly critical for high-speed experiments in vivo.

In vivo imaging of intestinal peristalsis in a mouse

To demonstrate the systems utility in practical NIR-II fluorescence
imaging for in vivo biological studies, we conducted experiments
to explore intestinal peristaltic trajectories in anesthetized and
awake states, which has been a challenge for conventional imaging
techniques. A depilated mouse was orally administered 200 pl of
an aqueous solution containing NaYF,:50% Er@NaYF, nanopar-
ticles. Thirty minutes postgavage, under an NIR-II COFI optical
configuration (without temporal compression), we performed
single-exposure fluorescence imaging (20-ms integration) and
captured the intestinal fluorescence distribution in the anesthe-
tized state, as well as the distribution in the awake state after 15
more minutes, as shown in Fig. 5A. Subsequently, temporal com-
pressive imaging was performed using the NIR-II COFI system
to reconstruct time-resolved fluorescence distributions of intesti-
nal motility in anesthetized and awake states; Fig. 5B and C show
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the reconstruction results of 2 consecutive compressed frames,
respectively (see Movies S2 and S3 for the complete reconstruction
results). For clarity, the reconstructed trajectories were spatially
magnified (displaying 50% of the full FOV). Comparison with
Fig. 5A confirms the reliability of the reconstructions. Figure 5D
and E show the spatiotemporal distribution of fluorescence inten-
sities along the midline and vertical line of the intestine in the
mouse under different physiological conditions (top: anesthetized;
bottom: awake), respectively. From the experimental results, it can
be concluded that the intestinal movement at this stage is a wave-
like motion that pushes the nanoparticles forward. Moreover, the
intestinal peristalsis under anesthesia is relatively stable and slow
in intensity, indicating that the movement rhythm is weak. In the
awake state, the intensity fluctuations are more pronounced, indi-
cating that the intestinal peristalsis is more active and rhythmic.
This is consistent with the experimental results of Dmitriev et al.
[37], which confirms the reliability of our experimental results.
Figure 5F and G depict temporal variations in fluorescence
intensity and position at marked positions in their insets,
revealing distinct motility patterns: respiratory and spontane-
ous peristaltic movements in the awake state induced periodic
fluctuations in fluorescence intensity, while the anesthetized
state exhibited dampened dynamics. Statistical analysis dem-
onstrated the markedly higher frequency and amplitude of
intestinal motility in the awake state versus those of the anes-
thetized state, consistent with prior findings reported [38].
These results validate the system’s capability for high-fidelity
in vivo NIR-II imaging, providing a powerful tool for quantify-
ing dynamic physiological processes in biomedical research.
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Discussion

By leveraging time-domain encoding to capture dynamic
scenes as a compressed snapshot in a single long exposure, the
developed NIR-II COFI system exhibits marked advantages in
photon-budget-efficient imaging, demonstrating its transfor-
mative potential for advancing NIR-II fluorescence imaging
for high-temporal-resolution in vivo observation applications.
Experimental results validate that the system attains a frame
rate of 3.3 kfps, representing a 20-fold improvement over con-
ventional NIR-II frame rates, while maintaining a high SBTP
of up to 4.22 x 10° pixels/s. The system’s capabilities were fur-
ther substantiated through diverse applications, including suc-
cessfully achieving NIR-II phosphorescence lifetime imaging
of multicomponent samples and clearly distinguishing lifetime
differences across spatial locations. In comparative experi-
ments involving fluorescent microsphere flow, the system
demonstrated an enhanced capability to capture the trajecto-
ries of fast-moving objects, achieving a 36% SNR improvement
compared to direct short-exposure imaging. Furthermore, the
system successfully visualized the dynamic process of intesti-
nal peristalsis in mice under both anesthetized and awake
conditions, highlighting its substantial value for biomedical
research.

Nevertheless, there remains substantial room for system opti-
mization. The current SLM-based implementation introduces a
40% reduction in optical throughput (limiting transmission
efficiency to 60%), which slightly constrains photon collection
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efficiency. To address this limitation, future studies could adopt
motor-controlled transmissive coding architectures, such as
rotating transmissive masks, for temporal compressive imaging.
Such designs are projected to enhance optical throughput to
>85% while preserving spatiotemporal encoding flexibility,
which is particularly advantageous for deep-tissue NIR-II imag-
ing requiring a high signal-to-background ratio. Additionally, the
computational latency of the current image reconstruction algo-
rithm precludes real-time visualization. To mitigate this, advanced
deep learning architectures can be integrated to simplify the
computational workflow, such as lightweight transformer net-
works or neural architecture search. These optimizations aim to
reduce processing time to subsecond levels while maintaining
reconstruction fidelity, thereby enabling real-time monitoring of
dynamic physiological processes.

Methods

Data acquisition implementation of NIR-11 COFI

The experimental configuration of the NIR-II COFI system is
shown in Fig. 6. The dynamic scene is relayed through a 4f
optical system composed of infrared doublet lenses with focal
lengths of 250 and 100 mm. A polarizing beam splitter (PBS;
Lbtek PBS654) filters the incoming light from the dynamic scene
into horizontally polarized components, which are subsequently
imaged onto a liquid crystal-based programmable SLM (Forth
Dimension Displays, QXGA R-11). Preset spatially random cod-
ing patterns are loaded onto the SLM at an ultrahigh switching
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rate, enabling efficient spatiotemporal encoding of the dynamic ~ of 75 and 100 mm and finally captured by an NIR-II camera.
scene. The encoded dynamic scene is subsequently focused onto  The camera acquires multiple compressed-measurement frames
the imaging plane through an imaging system with focal lengths ~ for subsequent reconstruction.
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Fig. 6. Experimental arrangement of NIR-Il COFI. L, lens; Laser, 980-nm continuous-wave laser; PBS, polarizing beam splitter; SLM, spatial light modulator; DG1062, signal
generator (used for synchronizing the SLM and NIR-Il camera); InGaAs, NIR-Il camera; F, filter, 1,400-nm long pass.

The core optical modulation is jointly implemented by the
SLM and the PBS. The PBS filters incident light from the
dynamic scene into horizontally polarized light, while the SLM
modulates polarization state variations by changing the arrange-
ment of liquid crystal molecules to form a spatially undersam-
pled matrix. When the modulated polarized light passes through
the PBS again (which transmits light of only specific polarization
orientation), the resulting intensity distribution corresponds to
the coding patterns on the SLM. Notably, the high-speed pro-
grammable SLM employed offers a switching speed of 3.3 kHz,
with programmable control over pattern duration to achieve
adjustable sampling intervals for dynamic scenes.

Image reconstruction of NIR-11 COFI

The reconstruction framework is uniformly applied to all com-
pressed measurements. For clarity, the theoretical description
is presented using single-frame reconstruction as a representa-
tive example. The NIR-II COFI system consists of 2 main com-
ponents: data acquisition and image reconstruction. The data
acquisition process of the NIR-II COFI system, as shown in
Fig. 6, can be mathematically formulated using operators. First,
the 3D dynamic scene I(x,y,t) is spatiotemporally encoded
by the SLM. Specifically, the SLM sequentially loads distinct
coding patterns C;(x,,t;) at different time points ¢, through
program-controlled switching, thereby the dynamic scene is
modulated over time by temporally varying spatial encodings,
I (x.p,t;) =Li(x,,;) © C;(x,y,1;), in which © denotes ele-
ment-wise product. Finally, the captured image represents the
spatiotemporal integration of each pixel over the corresponding
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exposure duration. The resulting compressed-measurement data
can be expressed as [39]

(xy)=
ZI’ NPt

where @ is the sensing matrix. For convenience, I(x,y,t) and
Y (x, y) are abbreviated as x and y, respectively. Thus, the image
acquisition process of NIR-II COFI can be expressed as
follows:

ZI %,:4) OC;(x,y,1;) = @I (x,y,1), ()

y=®x +n. (2)

Here, n is the noise distribution.

In the image reconstruction stage, the original dynamic scene
is recovered from the observed 2-dimensional image Y and the
set of encoding patterns Cloaded for the dynamic scene by solv-
ing the inverse problem of Eq. (2). However, the inverse problem
isill posed. Traditional compressive-sensing-based optimization
algorithms typically introduce a regularization term R(x) to con-
strain the solution within a plausible signal space. The optimal
estimation ¥ of x can be found by minimizing the objective func-
tion f(x), and its expression is as follows [40]:

N . . 1
= argmxlnf(x):argn;m{ 5||y - <I>x||§ + ﬂR(x)}, (3)

where ||+]|, is the [, norm, ||y — (I)x”;represents the fidelity term
that the reconstructed scene needs to conform to the sampling
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equation, R(x) represents the regularization term that the
reconstructed scene needs to satisfy the prior information, and
A is the regularization parameter that balances these 2 terms.
Here, the problem is solved based on a PnP-ADMM framework
[41]. In this framework, by introducing the auxiliary variable
0, Eq. (3) can be rewritten as

.1
rré;n§||y—<l>x||§+AR(0) s.t. O=x. (4)

According to the augmented Lagrangian (AL) multiplier
method, the optimal solution of Eq. (4) can be obtained by
minimizing an AL function, which is expressed as

1 p
L,(x,0,u)= E||y — @x||;+ AR(O) +u" (0 — x) — Slle - x1%,
(5)

where u is another auxiliary variable and p is the penalty param-
eter. By using the ADMM framework, the minimization process
of £ ,can be decomposed into the following 3 subproblems [42]:

2
9ck+1=argminl||y—<I)x||§+£ x— Ok—luk , (6)
x 2 2 p )
. 2
OkJrI:argmin/lR(G)+£ 0—(xk+1+—uk> s (7)
0 2 p 5

Uy =t + p(Xppy = Opyn)- (8)

Here, the superscript k represents the kth iteration. Equation
(6) is a quadratic equation, and its closed-form solution is [43]

-1 1
Xiy1 =D, [@T D+ px| [(I>Ty+9k—;uk]=G(.), 9)

where D is the denoising algorithm used and ¢ is the standard
deviation of the noise [38]

1
Orr1 =D, [xk+1 + ;”k]~ (10)

The schematic of the proposed DPNet-ESRGAN algorithm
is illustrated in Fig. 7A. Initially, the encoded patterns C and the
observed image Y are input into the PnP-ADMM-DPNet itera-
tive framework, where operators the G(-) and D represent the
operations of Egs. (9) and (10), respectively. To enhance denois-
ing performance, a cascaded denoising configuration, with total
variation, fast and flexible denoising network (FFDNet) [44],
denoising residual U-net (DRUNet) [45], and fast deep video
denoising network (FastDVDNet) [46] in sequence, is employed.
FFDNet and DRUNet utilize a noise level map as auxiliary input
to effectively denoise individual reconstructed frames, while
FastDVDNet exploits temporal neighborhood information to
improve the temporal consistency of residual noise, thereby sub-
stantially enhancing overall reconstruction quality. After a finite
number of iterations, the reconstructed Y enters the PSR module
based on an ESRGAN [47], yielding high-fidelity spatiotemporal
evolution of the original dynamic scene.

To further improve reconstruction accuracy, DPNet [48] (see
details in Note S6) that outperforms traditional algorithms is
utilized to obtain G(-). The main body of this network is com-
posed of the Initialization module, and alternant DnCNN [48]
and PhysicsUpdate modules, as shown in Fig. 7B (left). The pro-
cessed dataset is fed into the DPNet network to learn the encod-
ing behavior of NIR-II COF], thereby obtaining the solver G(-).
Compared to traditional algorithms like the 2-step iterative
shrinkage/thresholding algorithm, AL, and PnP-ADMM, our
algorithm optimizes the sparse domain and related iterative
parameters { p, 0}, u, }through end-to-end training. Being inher-
ently data driven, the framework leverages the powerful nonlin-
ear representation capacity of deep neural networks to learn

PnP-ADMM + DPNet
kth iteration i

kel kel) :
1(k+1) V(+)L

Final iteration

10

DL > G
ol P F 0

> D —

ESRGAN

Basic

[ blocks I(LR)

Fig. 7. The image reconstruction and pixel super-resolution flowchart of NIR-1l COFI. (A) Image reconstruction diagram of the DPNet-ESRGAN algorithm. (B) Solver G(-) in a
sparse domain (left) and the network of the ESRGAN module (right). PnP-ADMM, plug-and-play alternating direction method of multipliers; LR, low-resolution image; PSR,

pixel super-resolution; HR, high-resolution image; Conv, convolutional layer.
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complex mappings from large-scale datasets. By optimizing the
sparse domain during training, the algorithm effectively reduces
both sparsity and mutual coherence, enabling more accurate and
high-fidelity reconstructions.

Furthermore, to overcome the inherent spatial resolution
limitations of NIR-II imaging caused by its longer wavelength
and compensate for potential information loss during the
compressive-sensing-based reconstruction in NIR-II COFI, a
pixel-level super-resolution module based on the ESRGAN is
also utilized. As depicted in Fig. 7B (right), the network begins
with an initial convolutional layer for basic feature extraction
and then processes them through the residual-in-residual dense
blocks (RRDBs), which combine dense connections and nested
residuals to enhance feature learning and mitigate gradient
vanishing. These RRDBs effectively capture multiscale contex-
tual features, enabling the network to extract rich texture details
from the input image. Spatial resolution is improved through
either subpixel convolution or transposed convolution opera-
tions in the upsampling module, ensuring the precise recon-
struction of high-frequency components. Post-upsampling
refinement layers further optimize the features to eliminate
artifacts and improve structural coherence, ultimately produc-
ing high-resolution outputs. The framework employs a combi-
nation of hybrid loss functions, including perceptual loss,
adversarial loss, and content loss, to generate super-resolved
images with photorealistic textures, minimized distortion, and
enhanced fidelity, addressing the resolution degradation chal-
lenges inherent in NIR-IT COFL
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