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Airborne blue lidar reveals the ocean’s
hidden biological engine in the South
China Sea
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The ocean’s biological carbon pump, a critical climate regulator, is driven by phytoplankton
ecosystems hidden from satellites. This observational blind spot has left the dynamics of the crucial
subsurface chlorophyll maximum layer—a key engine of ocean productivity—unquantified across
large scales. Here, we address this limitation with an airborne blue lidar system, engineered with a
deep-penetrating blue laser (486 nm) and a hybrid detector to achieve extended profiling depth and
dynamic range.Duringcampaigns in theSouthChinaSea, our validated systemproducedcontinuous,
high-resolution profiles of chlorophyll architecture down to 100 meters, nearly doubling the reach of
existing lidar technology. This capability provides a direct means to quantify the spatial heterogeneity
of subsurface chlorophyll maximum layers, shifting the characterization of the ocean’s carbon cycle
froman inferred picture to a directly observed reality. Ourwork provides a technological basis for next-
generation of space-based missions to monitor the ocean’s interior.

Global climate models, our primary tools for predicting Earth’s future,
remain limited by a key uncertainty: the dynamics of the ocean’s biological
carbon pump1–3. A vast, hidden engine of phytoplankton ecosystems, the
Subsurface Chlorophyll Maximum (SCM), operates beyond the view of
satellites, leaving a critical gap in our ability to accurately model ocean
productivity and carbon sequestration4–6. This observational gap in the
ocean’s interior means that a fraction of the global carbon cycle is poorly
constrained, potentially leading to systematic biases in climate
projections7–10. For decades, the immense contribution of these subsurface
ecosystems has been inferred rather thanmeasured, representing one of the
most significant and persistent challenges in Earth system science.

This blind spot exists because our current observational toolkit is not
fully adequate for this task. Traditional ship-based observations, while
invaluable for discovering large-scale variations such as high-nutrient, low-
chlorophyll zones11,12, suffer from inherent drawbacks because of their
sparse spatial and temporal coverage, prohibitive cost, and bias toward

summer-season sampling due to weather constraints13. On the other hand,
satellite ocean color sensors, which have provided extensive global coverage
and continuous records since the late 1970s14, are fundamentally restricted
to the top fewmeters of the surface15. The efficacy of thesemethods is further
compromised by cloud cover, sun glint, and atmospheric interference,
leading to data gaps that often exceed 70% in daily global products16.
Similarly, while in situ biogeochemical profiling floats provide valuable
depth-resolved chlorophyll-a data, they are also constrained by sparse
spatial distributions, preprogrammed surfacing intervals, and high
deployment costs, limiting their capacity to capture fine-scale spatio-
temporal variability and achieve comprehensive regional monitoring13,17.

Even airborne lidar, a promising technology for vertical profiling, has
been hampered by two significant challenges. Airborne systems using green
lasers (e.g., 532 nm) have been demonstrated to monitor ocean optical
properties15,16,18–27 and have shown value in estimating primary production
and carbon export28–31. However, their effective profiling depth is
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fundamentally limited to less than 50m because of the rapid attenuation of
light in water32. More importantly, intense reflected light from the sea
surface can easily saturate detectors, which not only contaminates the
subsurface signal but also further curtails the penetration depth33. These
sensor-specific constraints collectively define a technological gap: we lack a
tool capable of rapid, continuous, and deep sea profiling of ocean biological
structures, particularly within the crucial 0–100-meter range where sub-
surface chlorophyll maximum layers (SCMLs) reside.

To close this observational gap, we developed and deployed an air-
borne blue lidar system that addresses these limitations through three
synergistic technical solutions. First, a custom-developed 486 nm blue laser
matches the optimal transmission window of clear oceanic water, max-
imizing deep penetration. Second, a hybrid analog/photon-counting
detector captures both the blind surface echo and the faint single-photon
returns from depth, achieving an unprecedented dynamic range. Finally, an
adaptive detection strategy effectively eliminates the sea surface glint effect
to preserve the integrity of the subsurface signal. These integrated solutions
enable continuous particle sampling from the sea surface down to 100m
corresponding to ~4.2 optical depths, or the ~1.8% of surface irradiance, in
these clear waters, opening a window into the ocean’s hidden biology.

Results and discussion
A lidar architecture to overcome fundamental barriers
To achieve the objective of profiling chlorophyll down to 100m, our air-
borne lidar was designed to overcome three key challenges that have con-
strained previous systems: poor light penetration in water, an extensive

signal dynamic range, and detectors’ overloading sea reflections. We engi-
neered a system with three synergistic solutions to address each of these
problems. (Fig. 1).

First, to see deeper, we optimized the laser color. While conventional
systems use green light (532 nm), which is suitable for turbid coastal zones,
blue light penetrates far more effectively in the vast, clear open ocean34. We
therefore developed a powerful and highly stable blue laser source operating
at 486 nm, a wavelength tuned to the ocean’s deep transmission window.
This choice was important for maximizing the signal returned from sig-
nificant depths.

Second, to capture the full range of light intensity, we designed a hybrid
detector. The lidar signal attenuates exponentially in water, creating a
dynamic range challenge of over five orders of magnitude: the return from
the surface is intensely bright, whereas the signal from 100m can be as faint
as a single photon. Standard detectors are either sensitive enough for deep
signals but are blinded by the surface or can handle the surface but lack the
ability to see photons backscattered from depths greater than a few meters.
Our solution is an innovative analog/photon-counting composite photo-
electric detection (APCD) scheme.This systemfunctions as twodetectors in
one, seamlessly combining analog detection for strong near-surface returns
with highly sensitive single-photon counting for weak signals from depth,
creating a single, continuous high-fidelity profile.

Finally, to isolate the true underwater signal, we eliminate surface glint.
The intense flash of light reflected from the sea surface can easily con-
taminate adjacent subsurface data. We implemented an adaptive dual-gain
sea surface glint rejection detection (DGD) strategy. This intelligent system

Fig. 1 | An airborne lidar system engineered to reveal the ocean’s hidden biology.
a Conceptual illustration of the system remotely profiling deep subsurface chlor-
ophyll layers.bThe instrument integrated on the research aircraft. c Schematic of the
system architecture. The design’s novelty lies in three synergistic components
engineered to overcome fundamental observational barriers: a high-energy blue
laser source (HEBLS) to solve the deep penetration challenge; an advanced analog/

photon-counting composite photoelectric detection (APCD) module to manage an
extensive signal dynamic range; and an adaptive dual-gain sea surface glint rejection
detection (DGD) strategy to suppress corrupting surface reflections. Together, these
innovations enable continuous retrieved chlorophyll-a profiling from the surface to
100 m. The key specifications are listed in Supplementary Table S1.
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effectively ignores brief, overwhelming surface reflection, preserving the
integrity of crucial data from just below the surface down to greater depths.
Together, these solutions create a system capable of profiling the ocean to
greater depths.

Lidar mapping of the ocean’s hidden vertical structure
Our blue lidar provided fresh insights into the ocean’s biological archi-
tecture. Flying extensive transects across the SouthChina Sea, our advanced
lidar methods are able to resolve the fine-scale vertical structure of sub-
surface chlorophyll-a down to 100m depth—a depth realm that has been
inaccessible from traditional remote sensing techniques.

The data revealed the dynamism and heterogeneity of the SCMLs
(Fig. 2). For example, along a single transect (Track 1),weobserved a sharply
definedSCMLcentered consistently at ~52mwitha19mthickness. In stark
contrast, a nearby region surveyed years later (Track 2) exhibited a much
more diffuse ecosystem,with lower overall chlorophyll concentrations and a
shallower, broader SCML centered at 36m and spanning over 30m in
thickness. Farther south (Track 3), the SCML plunged deeper to ~62m and
was compressed into a remarkably thin 12-m layer. The ability to resolve
these fine-scale shifts in ecosystem structure across vast stretches of ocean
represents an advance in oceanographic observations.

To rigorously validate these airborne maps, we conducted simulta-
neous in situ chlorophyll measurements at three strategic stations (S1–S3).
The ground-truth data confirmed the exceptional accuracy and resolving
power of our lidar in characterizing these hidden biogeochemical features.
The scatter plots reflect the inherent challenges of validating high-resolution
airborne data with ship-based point measurements. These include: (1)
spatio-temporal mismatch errors between the high-speed aircraft and sta-
tionary ship measurements; (2) the inherent patchy distribution of marine
phytoplankton at fine scales; and (3) regional variations in the bio-optical
relationshipsused in the retrieval algorithm.Thesefindingsdemonstrate the
capability of our technique for advancing marine ecosystem monitoring.

Performance benchmark: blue and green lidars for ocean
profiling
To quantify the performance advantage of our system, we conducted a
direct, head-to-head comparison against a conventional green (532 nm)
lidar with a standard linear-mode analog detector, an enhanced green lidar
utilizingour advancedAPCD+DGDtechnology, andablue lidar, alsowith
APCD+DGDdetection. This design allows us to isolate the benefits of the
optimal blue wavelength. The results establish the blue lidar’s superior
performance, demonstrating a improvement in deep-ocean profiling cap-
ability. (Fig. 3).

The physical basis for this leap is the blue laser’s significantly deeper
penetration in clear oceanic waters. This is illustrated in the signal-to-noise
ratio (SNR) profiles, where our blue lidar maintains a robust signal
(SNR ≥ 4) to ~110m. This extends the effective range to nearly double that
of the conventional green lidar (~55m), which fails entirely to penetrate the
deep chlorophyll maximum layer. Critically, even when enhanced with our
advanced detector, the green lidar’s reach is still fundamentally limited by
the wavelength to ~88m (Fig. 3).

This superior depth penetration translates directly into an enhanced
capacity for ecosystemmapping. Our blue lidar successfully retrieved high-
fidelity chlorophyll-a profiles across the entire 0–100-meter water column
(corresponding to ~4.6 optical depths, or the 1% isolume, in these clear
waters.), capturing the full vertical architecture of the phytoplankton
community. In stark contrast, both green lidar systems were blind to the
deeper parts of the ecosystem, failing to characterize the full extent and
structure of the SCML.

Validation against simultaneous in situ measurements confirmed the
quantitative accuracy of our lidar retrievals. The analysis shows that within
the overlapping depth range detectable by both lidars (primarily the upper
ocean), the performanceof the enhancedgreen lidar is comparable to that of
the blue lidar, while the conventional system struggled to produce reliable
retrievals. However, this comprehensive benchmark reveals a fundamental

Fig. 2 | Lidar reveals the fine-scale architecture and spatial heterogeneity of the
ocean’s hidden phytoplankton layers. a Quantitative comparison of subsurface
chlorophyll maximum layer (SCML) characteristics across three tracks, revealing
variations in depth (blue boxes) and thickness (red boxes). The box plots indicate the
median (center line), 25th and 75th percentiles (box edges), and the most extreme
data points not considered outliers (whiskers). b–d Corresponding high-resolution
retrieved chlorophyll-a curtains measured via airborne lidar along Track 1, Track 2,

and Track 3. These profiles consistently resolve complex chlorophyll structures
down to 100 m deep. eMap showing the flight paths in the South China Sea. In situ
measurements at stations S1–S3 (green stars) were used for validation, and the
validation stations S1–S3 are located on Track 3. Collectively, these panels provide
thefirst continuous, large-scale visualization of the dramatic structural differences in
a critical, yet previously hidden, component of the marine ecosystem.
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Fig. 3 | Head-to-head benchmark revealing the superior performance of the
blue lidar. All panels correspond to data from Track 3. The S1, S2, and S3 profiles
represent the average profiles derived from multiple CTD fluorometer casts at the
corresponding stations, which are used for comparison with the lidar profiles.
a, d, g Signal-to-noise ratio (SNR) curves for the blue lidar, an enhanced green lidar
with APCD+DGD, and a conventional green lidar. The white/black lines indicate
SNR thresholds, showing the blue lidar’s dramatically deeper signal penetration.

b, e, h Corresponding retrieved chlorophyll-a concentration profiles, demonstrating
that only the blue lidar captures the full vertical ecosystem structure. c, f, i Comparison
of lidar-retrieved profiles (orange lines) with simultaneous in situ measurements (black
dots). j, k, l Scatter plots showing the blue lidar’s higher correlation (R) and lower error
(RMSE) against ground-truth data. Collectively, this benchmark demonstrates that the
synergy of the optimal blue wavelength and advanced detection is essential for
quantitatively accurate profiling of deep-ocean ecosystems.
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difference that stems not from retrieval accuracy in the upperwater column,
but from the physical limits of penetration depth. As shown in Fig. 3, the
signal from the enhanced green lidar attenuates completely at ~88m, thus
failing to capture the full structure of the deep chlorophyll maximum
(SCM), especially its core and bottom regions. In contrast, the blue lidar
penetrates to 110m, completely resolving the entire vertical structure of the
phytoplankton community in the 0–100 meter water column. Therefore,
while the enhanced green lidar is a powerful tool for studying the upper
ocean, our results demonstrate that for tasks requiring complete, quanti-
tative profiling of the deep-ocean SCM, the blue lidar is the only technology
of those tested capable of providing the necessary data. This capability is
critical for accurately assessing marine ecosystems and conducting robust
scientific modeling.

Implications and significance
The development of our airborne blue lidar system represents an important
advance in ocean remote sensing, altering our ability to observe the ocean’s
interior from a sparse, inferred understanding to a direct, high-resolution
view (Fig. 4). This technology provides an enhanced capability to profile
chlorophyll-a continuously and at high resolution from the surface tomore
than 100m, directly addressing a long-standing observational gap con-
cerning the dynamics of SCMLs, which are fundamental tomarine primary
production, nutrient cycling, and the ocean’s biological carbon pump8,35,36.
Beyond improving existing models, our high-resolution observations
challenge the foundational assumptions upon which many regional carbon
export estimates are built. We reveal that the SCM is far more structurally
heterogeneous and dynamic than previously assumed (Fig. 2). This finding
implies that past calculations of carbon flux, which often relied on
smoothed, spatially-averaged data from sparse profiles, may have under-
estimated or misinterpreted the true biological activity. For instance, thin,
high-density filaments of phytoplankton, often associated with sub-
mesoscale eddies and fronts4–6, invisible to coarse sampling but now resol-
vable by our lidar, could represent ephemeral hotspots of primary pro-
duction and carbon export that were previously unaccounted for. Our work
therefore suggests that a re-evaluation of carbon transport mechanisms in
these key oceanic regions may be necessary, moving from a simplified,
layered view to one that embraces fine-scale complexity.

Furthermore, the synchronoushigh-resolutionoptical profiles (Kdand
bbp) provided by this technology open avenues for investigating the for-
mation mechanisms of the SCM. It is traditionally understood that SCM
formation results from a complex interplay of mechanisms, including the
physical accumulation of biomass and the photoacclimative regulation of
intracellular chlorophyll content4–6. By synergistically analyzing the fine
structures ofKd, bbp, and chlorophyll-a profiles, future researchmaybeable
to better disentangle the relative contributions of these twomechanisms. For

instance, a thin layer with synchronously enhanced bbp and chlorophyll-a
would more likely represent true biomass accumulation, whereas a layer
with a significant increase in chlorophyll-a but little change in bbp would
likely indicate the dominance of photoacclimation2,37,38. This discriminative
power, unavailable from any previous large-scale observational technique,
will greatly deepenourunderstanding of howmarine ecosystems respond to
the physical environment.

To quantify the biogeochemical significance of resolving such fine-
scale structures, we compared our high-resolution, lidar-derived profiles
against a traditional modeling approach that assumes a Gaussian distribu-
tion for the vertical chlorophyll profile. We calculated the depth-integrated
chlorophyll for both the directly measured profiles and the Gaussian-fitted
models. The comparison yields a Mean Absolute Percentage Difference
(MAPD) of 30–50% between the twomethods (see Supplementary Fig. S1).
Since primary production and subsequent carbon export are directly linked
to this biomass, this suggests that failing to resolve such features in basin-
scale models could introduce a systematic underestimation of subsurface
biological carbon pools and their contribution to the carbon pump. This
regional quantification provides tangible, first-order evidence of this
observational bias, a bias our technology is now poised to correct.

While this study robustly validates the system’s performance in the
SouthChinaSea, its applicability acrossdiverseoceanic regimes is supported
by extensive research. As shown in Supplementary Fig. S2, the clear, “Type
1” oligotrophic waters where our blue lidar excels—defined as having a
diffuse attenuation coefficient Kd (490) ≤ 0.1 m⁻¹—constitute ~89% of the
global ocean surface. This visual evidenceunderscores that our technology is
not limited to a specific regionbut is optimally suited for the largest, yetmost
under-observed, biomes on Earth. Furthermore, the fine-scale structural
heterogeneity of the SCMwe observed is not a localized phenomenon but is
understood to be a ubiquitous feature of the world’s oceans. In the vast
oligotrophic gyres of the Atlantic and Pacific, for instance, mesoscale eddies
are known tomodulate the nutricline depth, shaping the SCM and creating
localized productivity hotspots that are critical for basin-scale biogeo-
chemical budgets39–41. At even finer scales, submesoscale fronts and fila-
ments are hypothesized to drive intense vertical nutrient fluxes, generating
thin, high-density phytoplankton layers that contribute disproportionately
to primary production and carbon export42,43. However, these physically-
driven biological structures have largely eluded direct, large-scale observa-
tion. Previous understanding has been built primarily on numerical
models42,44 and sparse in-situ measurements13,40, creating a long-standing
gap between theoretical understanding and observational capacity.

Our system’s ability to precisely map the vertical architecture of phy-
toplankton provides a valuable tool for oceanographic research. Previous
studies have shown that, compared with satellite-only methods, resolving
the vertical structure of phytoplankton can improvenet primary production

Fig. 4 | A new perspective on observing the ocean’s
biological engine. a The conventional view, based
on satellite surface data and sparse ship-based pro-
files, depicted the Subsurface Chlorophyll Max-
imum (SCM) as a relatively simple, homogeneous
layer, leaving key ecological processes unresolved.
b Our airborne blue lidar provides the first con-
tinuous, high-resolution view, revealing the SCM’s
true nature as a highly complex and heterogeneous
ecosystem. It quantitatively resolves fine-scale
structures shaped by physical processes like eddies
and fronts, and captures the biological context,
including zooplankton migration (DVM) and sub-
sequent carbon export (POC). This leap in obser-
vational capability is critical for accurately modeling
marine productivity and the global carbon cycle.
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estimates by up to 54%45. Our lidar enables refined characterization of
particulate organic carbon (POC) export pathways, which is crucial, as a
significant fraction of long-term carbon sequestration occurs via non-
gravitational transport mechanisms46,47 (e.g., migrating zooplankton48,49,
subduction of suspended particles50) that are intrinsically linked to the fine-
scale biological structures now resolvable by our system. These data will
significantly enhance the accuracyof oceanproductivitymodels, leading to a
more nuanced understanding of the ocean’s role in global climate
regulation51,52. Crucially, our chlorophyll retrievals, while refined by
machine learning, are fundamentally constrained by the physically-derived
optical properties (Kd and bbp), ensuring robust, interpretable results.

In an era of accelerating ocean warming, our blue lidar provides a
useful tool for dissecting how marine ecosystems respond to climate stres-
sors. While satellite records show complex, regionally varying chlorophyll
trends—including declines in stratified gyres4,8,9,53 and increases at high
latitudes36,54,55—our technology can, for the first time, elucidate the
mechanisms driving these depth-dependent phytoplankton responses,
which often differ significantly from surface community changes48. Mon-
itoring these shifts is vital for assessing the impacts on POC flux, the bio-
logical carbon pump, and long-term carbon storage56. Furthermore, these
data can providemore accurate inputs formodels seeking to understand the
surface biological processes that can influence oxygen minimum zone
(OMZ) variability, as OMZs can arise from stratified photosynthesis and
vertical light attenuation57. As a potential future application, the high-
resolution scattering profiles also offer the capability to detect layers asso-
ciated with the diel vertical migration of zooplankton46,47, which would
improve estimates of biologically mediated vertical carbon flux, particularly
active transport by zooplankton to the mesopelagic zone (the “migration
pump”)50.

The ability to detect fine-scale ecosystem shifts offers the potential for
early warning and improved tracking ofmarine habitat resilience to climate
stressors47. For instance, subtle but persistent changes in the depth, thick-
ness, or internal structure of the SCM may serve as precursors to larger,
basin-scale regime shifts, providing an early warning of ecosystem stress
long before changes are detectable at the surface. By quantifying how these
subsurface structures respond to and recover from disturbances such as
marine heatwaves, we can directly assess the resilience of the ocean’s bio-
logical engine. This information is critical for understandinghowchanges in
phytoplankton distributions affect marine biodiversity58, food web
structures59, global fisheries60, and overall ecosystem services61. By filling
crucial observational voids in deep phytoplankton profiling, our blue lidar
systemhas the potential to furnish previously unattainable data essential for
improving the fidelity of global climate models. More accurate repre-
sentations of subsurface phytoplankton distribution and productivity are
paramount for refining predictions of ocean responses to environmental
variability and long-term climate change, thereby informing robust con-
servation strategies and adaptive management plans for a rapidly chan-
ging ocean.

While this paper focuses on the advantages of blue lidar in the open
ocean, the dual-wavelength capability of our system also offers potential for
studying more productive waters. The concurrent 532 nm green laser
channel is better suited for the more turbid, higher-chlorophyll waters of
coastal and shelf seas, where blue light is more rapidly attenuated. This
versatility greatly expands the system’s range of applications, positioning it
as a comprehensive observational platform capable of covering environ-
ments from the coast to the open ocean and addressing a wider array of
biogeochemical questions. The dual-wavelength lidar system presented in
this study opens possibilities for future ocean remote sensing. The syn-
chronous acquisition of attenuation coefficients at different wavelengths
(e.g., Kd(486) and Kd(532)) has the potential to provide additional infor-
mation on the properties of suspended particles in the water column (such
as size distribution and composition), thereby enabling a more precise
distinction between SCMs caused by biomass accumulation versus photo-
acclimation. This multi-spectral capability will significantly enhance the
accuracy of our retrievals for key parameters like chlorophyll and POC,

representing a critical direction for the future development of airborne and
spaceborne ocean lidars.

While airborne lidar systems, such as the one presented here, offer
advancements in regional-scale ocean observations, achieving global,
continuous monitoring of subsurface ocean dynamics necessitates the
development and deployment of spaceborne ocean lidar systems. The
success of our blue lidar technology underscores the potential and critical
need for satellite-based platforms capable of profiling the ocean’s interior
with comparable resolution and depth penetration. Our work not only
demonstrates the feasibility but also establishes the scientific necessity for
next-generation of spaceborne ocean lidars. By validating the transfor-
mative potential of blue-light profiling, we have effectively de-risked and
defined the core scientific requirements for future multi-billion dollar
missions like CALIGOLA62 and Guanlan51, paving the way for a global,
continuous monitoring of the ocean’s interior. Such missions would
revolutionize our ability to globally map phytoplankton vertical struc-
tures, quantify carbon export, and understand ocean‒climate feedbacks
on a planetary scale, thereby building upon the foundational insights
provided by airborne systems and ushering in the next era of global ocean
observation15,16.

Methods
High-energy, spectrally-narrowed blue laser source (HEBLS)
Generating a blue laser with the high energy, stability, and spectral purity
required for deep-ocean profiling was a key engineering challenge. Our
solution is a custom-designed, versatile laser system capable of producing
both blue (486 nm) andgreen (532 nm)pulses. TheHigh-EnergyBlueLaser
Source (HEBLS) at its core employs a sophisticated three-module archi-
tecture to achieve its breakthrough performance (Fig. 5).
1. The Foundation: A Stable, High-Power Fundamental Laser

(1064 nm MOPA). The process begins by creating a high-quality,
high-energy infrared laser beam at 1064 nm to act as the system’s
workhorse. We employed a Master Oscillator Power-Amplifier
(MOPA) configuration. The Master Oscillator is an electro-optically
Q-switched laser designed for stability and precision. It is double-end-
pumped by two 808 nm fiber-coupled, quasicontinuous-wave (QCW)
laser diodes, which operate at a 100Hz repetition rate with a 230 μs
pulsewidth. The gainmedium is a diffusion-bondedNd:YAGrodwith
undoped YAG end caps to reduce thermal effects at the crystal faces; it
is wrapped in indium foil andmounted on a conductive-cooled copper
heat sink for thermal management. A KD*P Pockels Cell (Gooch &
Housego, Impact 8), paired with a Brewster polarizer and a quarter
waveplate, serves as the high-speed electro-optical Q-switch. These
components are arranged in a compact U-folding resonator design.
The output from the oscillator is protected from back-reflections by a
high damage threshold isolator before being directed to the power
amplifier. This amplifier is a double-pass, side-pumped module
utilizing 35 vertical-cavity surface-emitting laser (VCSEL) chips as the
pump source. This choice is critical for airborne applications, as
VCSELs offer superior thermal stability (wavelength emission drift of
0.07 nmK−1) comparedwith traditional laser diodes (0.3 nmK−1). The
Nd:YAG crystal rod is pumped from five directions for uniform gain.
The input signal laser is amplified in a double-pass configuration
guided by a quarter waveplate and a polarization beam splitter (PBS).
This MOPA design achieves a final 1064 nm pulse energy of ~90mJ
with an extraction efficiency of 10%, and crucially, the output energy
remains stable across an environmental temperature range
of 20–35 °C.

2. The Engine: An Efficient UV Pump Source (355 nm THG). The
high-energy 1064 nm infrared beam is converted into a 355 nm
ultraviolet (UV) beam to act as the direct energy source, or “pump,” for
the blue laser OPO. This frequency conversion is achieved through a
two-step process within the Third-Harmonic Generation (THG)
module. It utilizes two Lithium Triborate (LBO) crystals, each with
dimensions of 10mm× 10mm× 15mm. First, a type-I phase-
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matchedLBOcrystal performs frequency-doublingof the fundamental
1064 nm beam. Then, a second, type-II phase-matched LBO crystal
mixes this resulting beam with the residual fundamental beam to
generate the final 355 nm UV output. To ensure stable and efficient
nonlinear phase-matching, both LBO crystals are actively
temperature-controlled with an accuracy of ±0.1 °C, providing a
consistent high-power UV pump for the subsequent OPO stage.

3. The Breakthrough: Spectrally-Locked Blue Laser Generation
(486 nm OPO with Seed Injection). The final and most innovative
step is the conversion of the 35mJ, 355 nm UV pump laser into the
desired 486 nm blue light. This is accomplished using a single-
resonance Optical Parametric Oscillator (OPO) with a three-mirror
ring cavity design. The cavity mirrors are coated to achieve high
transmittance for both the 355 nm pump and the 1313 nm idler laser,
whereas the output coupling mirror has 30% transmittance for the
486 nm signal laser, and the other two mirrors are highly reflective
at 486 nm.

The parametric gain medium consists of two 8mm× 8mm× 20mm,
type-I phase-matched β-BBO crystals. To maximize the conversion effi-
ciency, the two crystals are placed cross-symmetrically relative to the pump
light axis to passively compensate for the beam “walk-off” effect. Fine
angular adjustment and precise temperature control of the crystals are used
to ensure stable phase matching.

The key innovation for achieving the required narrow and stable
linewidth is the implementation of a seed injection technique. A con-
tinuous-wave, single-longitudinal-mode seed laser at precisely 486.1 nm—
itself generated by frequency-doubling a 972.2 nm Distributed Feedback
laser with a periodically poled lithium niobate crystal—is injected into the
OPO cavity. This “seed” forces the OPO to operate only at this exact
wavelength and to adopt its narrow spectral characteristics.

The effect of seed injection is significant (Supplementary Fig. S3).
Without the seed, the OPO produces a laser output with a central wave-
length of ~486.1 nm but with a relatively broad 3 dB spectral width of
~0.13 nm. While this is already narrower than the receiver’s optical band-
width (0.44 nm), seed injectionnarrows the spectrumsignificantly, reaching
the resolution limit of our optical spectrumanalyzer (Yokogawa,AQ6373B)
and precisely matching the H-β Fraunhofer line (~0.1 nm). This spectral
locking is crucial for scientific applications, as it allows the receiver’sfilters to
effectively reject broadband solar background noise.

With a 35mJ pump energy, this seeded OPOmodule reliably generates
7mJ blue laser pulses with a pulse width of ~8 ns, corresponding to a
parametric conversion efficiency of 20%. The residual green laser energy after
the frequency conversion process is ~6.2mJ with an 8 ns pulse width.

In summary, the architecture of the HEBLS—integrating a 1064 nm
MOPA, a 355 nm frequency-triplingmodule, and a seeded 486 nmOPO—
is engineered to deliver the high-energy, narrow-linewidth blue and green
laser pulses that are essential for deep ocean profiling.

Fig. 5 | High-energy blue‒green laser source. aThe
packaged dual-wavelength laser instrument engi-
neered for robust airborne operation. b Detailed
optical schematic of the HEBLS architecture,
showing its three main functional modules. The
system is designed to first create a stable, high-
energy 1064 nm MOPA beam, which then pumps a
355 nm frequency tripling module. The resulting
UV light finally drives the seeded 486 nm OPO
module to generate the spectrally pure blue laser
pulses essential for deep-ocean sensing.
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A hybrid detection system to conquer extreme signal dynamics
A second challenge in oceanic lidar is managing the returned signal, which
presents two distinct problems: an enormous dynamic range and intense
sea-surface reflections. We solved this with an integrated detection system
combining two key technologies: an Analog/Photon-counting Composite
Photoelectric Detection (APCD)module to handle the dynamic range, and
anAdaptiveDual-Gain sea surface glint rejectionDetection (DGD) strategy
to nullify surface reflections.

The APCD hardware solution. The system is designed around a single
photomultiplier tube (PMT) whose output is split and processed by two
parallel electronic pathways, each optimized for a different part of the
signal (Supplementary Fig. S4).
• The Low-Gain Analog Path is designed to faithfully record intensely

bright, near-surface echoes without saturation. It uses a low-gain
amplifier to process the strong current into a continuous voltage
waveform, which is captured by a high-speed analog-to-digital
converter (ADC).

• The High-Gain Photon-Counting Path is optimized for maximum
sensitivity to faint, single-photon-level returns from deep water. A
high-gain amplifier boosts these weak photoelectron pulses, which are
then identified and counted as discrete photon events by a specialized
multithreshold high-speed comparator.

APCD software solution. The core innovation lies in our three-step
digital processingworkflow, which seamlessly reconstructs a single, high-
fidelity profile from two disparate data streams (Supplementary Fig. S5):
1. Photon Event Classification: The process begins by accurately clas-

sifying the raw high-gain signal. A software algorithm distinguishes
discrete single-photon events from continuous multiphoton signals,
while a precise single-photon calibration value is determined through
statistical analysis of voltage histograms.

2. Signal Photonization: To ensure that the two data streams are com-
patible, the continuous voltage waveform from the low-gain analog
path is quantitatively converted into an equivalent photon number
waveform. This conversion uses a precise coefficient derived from the
single-photon calibration value.

3. Seamless Waveform Splicing: Finally, the high-gain (weak, deep
signals) and the photonized low-gain (strong, shallow signals)
waveforms are merged into a single continuous profile. A correction
coefficient, derived from the system’s known field-of-view (FOV)
response, is applied to ensure perfect alignment in the overlapping data
region. The resulting composite waveform is then corrected for any
residual detector after pulse effects, yielding the complete, high-fidelity
echo profile with 1 ns resolution that is ready for scientific inversion.

This sophisticated APCD process is complemented by the DGD
strategy, which uses an adaptive gain and thresholding algorithm to speci-
fically identify and reject intense, brief flashes from the sea surface. The
technology combines optical splitting, optical spatial filtering, and adaptive
detector gain control. The path with a lower splitting ratio serves as the
shallow-water channel, where the detector gain is automatically adjusted on
the basis of the intensity of the sea surface echo to ensure the integrity of the
sea surface and shallow-water signals. The path with a higher splitting ratio
serves as the deep-water channel; an optical spatial filter is added to this
channel to suppress interference from strong sea surface signals, and the
detector is set to a high gain to enable the detection of weak photon echo
signals fromdeepwater. This preserves the integrity of the crucial data from
just below the surface downward, completing our solution to the signal
dynamics challenge.

This advanced APCD, coupled with DGD, provides an unparalleled
capability for accurately resolving the full vertical distribution of chlor-
ophyll-a from the ocean surface to significant depths, even in the presence of
strong surface reflections.

SNRmethod for lidar detection performance evaluation
To quantitatively assess the detection capability of our oceanic lidar systems
and facilitate a rigorous comparison of the penetration performance
between blue and green lidar wavelengths, we rigorously calculated the
signal‒to‒noise ratio (SNR) of the returned lidar signal. The SNR is fun-
damentally defined as the ratio of the received signal power from the water
column to the total noise power and is expressed as:

SNR ¼ Pwater

Pbg þ Pd
ð1Þ

Here, Pwater represents the lidar return signal power at a given depth z.
Pbg denotes the background noise, which primarily originates from solar
radiation and scattered environmental light. This background noise is
highly variable and influenced by factors such as solar angle, sea surface
reflectance, time of day, and atmospheric conditions (e.g., clouds and
aerosols), all of which can significantly reduce the dynamic range of
detectable signals, especially during daytime observations. The background
noise Pbg is estimated by calculating themean value of the final 100 samples
in each lidar signal, and this value is systematically subtracted from the
entire echo signal22,63. Pd corresponds to the dark count noise, an inherent
characteristic of thephotomultiplier tube (PMT)whenoperating inphoton-
countingmode. The Pd was characterized and determined in the laboratory
prior to the campaigns by measuring the instrument’s intrinsic noise with
the laser turned off. These dark counts typically arise from thermally gen-
erated electrons, internal circuit noise, or intrinsic material excitations
within the PMT, follow a Poisson distribution, and can contribute sub-
stantially to the total noise under low-light conditions.

To ensure the reliability and physical interpretability of subsurface
optical property retrievals, we define a critical SNR threshold of 4 to
delineate the laser’s maximum effective penetration depth. Below this
threshold, the lidar signal becomes increasingly contaminated by back-
ground noise and detector dark counts, leading to amplified uncertainties
and compromising the physical interpretability of the inversion outputs. To
mitigate these effects and ensure robust retrievals, the lidar inversion algo-
rithm,which is used for deriving optical properties, is applied only to depths
where the SNR ≥ 4. This restriction ensures a stable reference depth and
significantlyminimizes error propagation throughout the inversionprocess.

Lidar inversion model and validation
The direct measured and core data products generated by our system are
high-resolution vertical profiles of Kd and bbp. As fundamental optical
properties, Kd and bbp have direct applications in many ecological and
biogeochemical models. Retrieving accurate vertical profiles of optical
properties and chlorophyll-a from lidar signals in optically complex and
heterogeneous ocean environments presents challenges. To address this, we
developed a hybrid iterative lidar inversion model21,22,64–66 specifically
designed for robust chlorophyll-a profiling. The lidar system directly
measures the return signal, from which we first retrieve physical optical
properties (like the diffuse attenuation coefficient, Kd, and the particulate
backscattering coefficient, bbp). These physical parameters are then used as
inputs to a physically-constrained machine learning model (XGBoost) to
estimate chlorophyll-a concentration. The complete computational work-
flow of this study, which encompasses data processing, optical property
retrieval, and chlorophyll-a inversion, is illustrated in Supplementary Fig. S6
and comprises five major steps:

Step 1: Waveform stitching
The initial critical step involves processing the raw lidar return signals,
which span an extremely large dynamic range. This begins with the precise
merging of voltage waveforms from the photomultiplier tube (PMT) cor-
responding to single-photon (weak, deep signals) andmultiphoton (strong,
near-surface signals) detectionmodes. Following this sophisticatedmerging
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process, dedicated waveform correction procedures are applied to recon-
struct complete, continuous, andphysicallymeaningful signal profiles67,68, as
detailed in the “APCD+DGD” section.

Step 2: Data preprocessing
As a pivotal step influencing the accuracy of subsequent profile inversion,
data preprocessing entails a series of rigorous correction procedures applied
to the merged raw waveforms. These include:
• BackgroundBiasCorrection: Removal of environmental light anddark

count contributions.
• Precise Water Surface Identification and Calibration: Accurate deter-

mination of the sea surface reference point, which is critical for range
calculation.

• Range Correction: Normalization of signal intensity for geometric
spreading effects.

The preprocessed profiles are then georeferenced via an integrated
position and orientation system (POS) to assign precise latitude and long-
itude coordinates.Gain calibration is applied via onboard calibrationdata.A
comprehensive denoising protocol is subsequently implemented, incor-
porating temporal averaging, spatial smoothing, frequency-domain filter-
ing, and localized window or regression smoothing techniques, all of which
are optimized to significantly enhance signal quality across the entire water
column.

Step 3: Iterative Hybrid Multiple Scattering Correction (IHMSC)
model development
To accurately retrieve the vertical distributions of the diffuse attenuation
coefficient (Kd) and the particulate backscattering coefficient (bbp), we
introduce a Iterative Hybrid Multiple Scattering Correction (IHMSC)
method, hereafter referred to as the “Deep-Ocean Lidar Inversion” (DOLI)
framework. This approachbuilds uponwidely adopted frameworks, such as
the Klett method and perturbation techniques22, but crucially incorporates
dynamic optimization over two key parameters: the logarithmic
backscatter-to-attenuation ratio (k) and the lidar ratio (R). By iteratively
exploring the solution space within physically plausible bounds, the model
robustly identifies the optimal values of Klidar and β. Unlike traditional
empirical models, which often fail to account for local hydrological and
atmospheric variability, our IHMSC approach explicitly incorporates site-
specific and climate-dependent factors that significantly affect lidar signal
behavior, which is particularly crucial for accurate reconstruction of deep
vertical profiles, extending to depths of up to 100m. Through this iterative
framework, the model substantially improves the retrieval accuracy of
subsurface optical properties under diverse water conditions.

The fundamental lidar equation is expressed as:

PðzÞ ¼ C
βπðzÞ

ðnH þ zÞ2 � exp �2
Z z

0
KlidarðzÞdz

� �
ð2Þ

where PðzÞ is the received power at depth z, C is the lidar system constant,
Klidar is the lidar attenuation coefficient,βπ is the volume scattering function
at 180°, n is the refractive index of water, andH is the airborne lidar altitude.

To linearize this equation, we multiply both sides by ðnH þ zÞ2 and
take the logarithm, yielding the range-corrected signal SðzÞ:

SðzÞ ¼ lnðPðzÞ � ðnH þ zÞ2Þ ¼ lnðC � βðzÞÞ � 2
Z z

0
KlidarðzÞdz ð3Þ

Under the Klett inversion framework, we adopt the commonly used
power law assumption:

βðzÞ ¼ C � Kk
lidarðzÞ ð4Þ

where C is a constant and where k denotes the logarithmic backscatter-to-
attenuation ratio, which is influenced by the laser wavelength and water

optical properties. To determine the optimal k, we perform iterative
computations across the range 0.6–1.3 with a step size of 0.1. For each
candidate k, the corresponding attenuation coefficient profile KlidarðzÞ is
calculated via the backward integration Klett solution:

KlidarðzÞ ¼
exp SðzÞ�Sm

k

h i
KlidarðzmÞ�1 þ 2

k

R zm
z exp SðzÞ�Sm

k

h i
dz

ð5Þ

where zm is the reference depth, Sm is the lidar power at zm, andKlidarðzmÞ is
the lidar attenuation coefficient at the reference depth, derived via the slope
method:

KlidarðzmÞ ¼ � 1
2
dSm
dzm

ð6Þ

Unlike conventional perturbation-based inversion methods that rely
on static parameterization, our IHMSC incorporates an additional iterative
procedure to estimate the backscatter coefficient βðzÞ more robustly. We
first compute a reference backscatter coefficient βprðzÞ via a perturbation
method. The initial lidar ratio at the sea surface R0 is then estimated. An
iterative adjustment of R is conducted within a range of ±20% around R0.
The value of βðzÞ that minimizes the deviation from βprðzÞ is selected as the
final inversion output. The calculation formulas are as follows:

βprðzÞ ¼
SðzÞ
ShðzÞ

βprð0Þ ð7Þ

ShðzÞ ¼ lnðCβnonpr Þ � 2Knon
lidar ð8Þ

βprð0Þ ¼
expðSð0ÞÞ

C
ð9Þ

R0 ¼
Klidarð0Þ � Kw

βprð0Þ � βw
ð10Þ

where Klidarð0Þ and βprð0Þ denote the lidar attenuation coefficient and the
backscatter coefficient at the sea surface, respectively;Knon

lidar and β
non
pr are the

mean nonvarying parts forKlidar and βpr , respectively, obtained from linear
fitting of ShðzÞ for SðzÞ; and R0 is the lidar ratio calculated at the sea surface.
On this basis, an iterative approach is employed to estimate the backscatter
coefficient for various lidar ratios. The estimated results are then compared
to βpr , and the lidar ratio that minimizes the discrepancy is selected as the
inverted attenuation coefficient. Finally, the retrieved backscatter coefficient
(β) is converted into the particulate backscattering coefficient (bbp) via:

bbpðzÞ ¼ 2πχ βðzÞ � 0:19 × 10�4
� � ð11Þ

where χ is a conversion factor relating β to bbp. In this study, we assume that
χ=1.06 69–71.

To address the inherent deviation between the lidar-derived attenua-
tion coefficient (Klidar) and the true diffuse attenuation coefficient (Kd)
caused by complex multiple scattering effects, we propose a semianalytical
radiative transfermodel integratedwithmachine learning64,72–74. Thismodel
fundamentally builds upon radiative transfer theory, dynamically coupling
key physical parameters of the lidar system—including the field of view
(FOV), laser divergence angle (DIV), detection height (H), and laser beam
nadir angle (θ)—with the intrinsic aquatic optical properties (absorption
coefficient a, scattering coefficient b, and backscattering coefficient bb). This
robust coupling yields a dynamic mathematical representation of the
light–water interaction process, enabling adaptive and quantitative char-
acterization of laser signal propagation in heterogeneous waters. A data-
driven scheme is constructed inwhichKlidar and lidar systemparameters are
used as inputs to predictKd , leveragingKd values derived from ocean color
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products or in situ measurements as training references:

Kd ¼ f ðKlidar; FOV ;DIV;H; θ; a; b; bbÞ ð12Þ

where a, b, and bb are the absorption, scattering, and backscattering coef-
ficients, respectively, obtained from ocean color data or in situ measure-
ments. The implementation of an optimized gradient boosting algorithm
accelerates decision tree training while preserving transparency in the
model’s physical basis. Importantly, this hybrid approach offers a compu-
tationally efficient alternative to conventional Monte Carlo simulations,
overcoming their bottlenecks while maintaining accurate representation of
complex scattering regimes. A sensitivity-optimized parameterization
scheme ensures robust coupling between lidar system specifications and
aquatic optical properties (further details in our previous studies). This
versatile framework facilitates both forward performance modeling and
inversion algorithmdevelopment for airborne lidar systems, demonstrating
particular strength in optically complex coastal–offshore transitional zones
where conventional retrieval methods often fail.

Step 4: Physics-guided chlorophyll profile retrievalwith XGBoost
The final step in our workflow is the retrieval of chlorophyll-a vertical
profiles from the lidar-derived optical properties. While traditional
empirical algorithms exist, they often fail to capture complex, nonlinear bio-
optical relationships that vary acrossdifferentwater types.Toovercome this,
we employ a physics-guided machine learning approach with an XGBoost
model. Unlike traditional non-linear curve fitting, which requires a pre-
supposed functional form, XGBoost, as a gradient boosting decision tree
algorithm, can automatically learn and capture highly complex, non-linear,
and interactive relationships amongmulti-dimensional input features. This
makes it a more powerful and robust tool for tackling complex bio-optical
problems.

Crucially, this model is not a “black box.” Its predictive power is fun-
damentally anchored in physical measurements. The input features for the
model are the vertical profiles of the diffuse attenuation coefficient (Kd) and
the particulate backscattering coefficient (bbp), which are retrieved via our
rigorous, physics-based DOLI framework (Step 3). While Kd and bbp are
derived from the same lidar signal and are therefore not statistically inde-
pendent, they represent distinct physical properties of the water column.
Using them jointly provides a more robust physical constraint on the bio-
optical model than using either parameter alone. This ensures that the
model learns from inputs with clear physical significance rather than from
unconstrained correlations. Here, the derived Kd and bbp profiles serve as
input features, whereas the measured chlorophyll profiles act as target
variables. The trained XGBoostmodel successfully reconstructs chlorophyll
vertical distributions from three independent lidar datasets. By rigorously
modeling complex interactions among these variables, XGBoost sig-
nificantly enhances both the robustness of retrievals and the adaptability of
the method to heterogeneous marine environments.

Step 5: Validation
To rigorously evaluate the accuracy and reliability of the lidar-derived
vertical chlorophyll-a inversion products, a comprehensive comparison
between our model results and independent in situ measured data was
conducted. At stations S1-S3, we used an RBRconcerto³ C.T.D profiler
equipped with an RBR solo³ FLR fluorometer to synchronously collect
in situ vertical profiles of chlorophyll-a concentration. The raw fluorescence
data were converted to chlorophyll-a concentration using a linear calibra-
tion factor, which was derived from laboratory fluorescence measurements
ofwater samples collected at various depths at each station. Furthermore,we
corrected for the non-photochemical quenching (NPQ) effect in the near-
surface layer for profiles collected during the daytime, following standard
procedures75. The evaluation relies on four widely accepted statistical
metrics, used to assess the consistency and agreement between the datasets:
1. Bias: Measures the systematic difference between the model-derived

and in situ measured values, indicating potential overestimation or

underestimation.

Bias ¼
Pn

i¼1ðxi � yiÞ
n

ð13Þ

where xi represents the lidar-derived value, yi represents the in situ
measured value, and n is the number of data points.
2. Pearson Correlation Coefficient (R): This coefficient reflects the linear

relationship between two datasets.R ranges from−1 to 1; values closer
to 1 or −1 indicate a stronger positive or negative linear correlation,
respectively, whereas values near 0 suggest no linear correlation. In our
case, a higher R value implies a better match in the patterns of vertical
chlorophyll-a distribution between the model and in situ data.

R ¼
Pn

i¼1ðxi � �xÞðyi � �yÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1ðxi � �xÞ2Pn

i¼1ðyi � �yÞ2
q ð14Þ

where �x and �y are the mean values of the lidar-derived and in situ data,
respectively.
3. Root Mean Square Error (RMSE): This represents the standard

deviation of the residuals (differences between the model and measured
values). A lower RMSE signifies that themodel-derived values are closer
to the in situ measurements on average, indicating higher accuracy.

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

i¼1ðxi � yiÞ2
n� 1

s
ð15Þ

4. Mean Absolute Percentage Difference (MAPD): This expresses the
average magnitude of the differences relative to the measured values,
providing a percentage-based measure of accuracy. A smaller MAPD
indicates that the model-derived chlorophyll-a values are more
accurate than the in situ measurements are.

MAPD ¼
Pn

i¼1
xi�yi
yi

× 100%
��� ���

n
ð16Þ

Data availability
The processed data generated in this study, including the source data
underlying the figures, have been deposited in the Zenodo database under
the identifier https://doi.org/10.5281/zenodo.17577166.

Code availability
The code used for all data processing, analysis, and figure generation in this
study is publicly available deposited in the Zenodo database under the
identifier https://doi.org/10.5281/zenodo.17577166.
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