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Abstract

The CASA model is one of the most widely used models for investigating
macroscale net primary productivity. Maximum light use efficiency constitutes
the most critical parameter in the CASA model; however, it cannot be read-
ily obtained through direct measurement and experimentation, but must be
derived through simulation. This study retrieved the maximum light use effi-
ciency for typical reed (Phragmites australis) communities in the Liaohe Delta
estuarine wetland using the CASA model, and performed a sensitivity analysis
on how potential errors in remote sensing and meteorological data affect the
maximum light use efficiency. Simulation results demonstrate that reed com-
munities exhibit exceptionally high carbon conversion capacity, with maximum
light use efficiency reaching 1.667 g C/MJ and actual conversion rates ranging
from 0.957 to 1.102 g C/MJ. Sensitivity analysis reveals that simulated maxi-
mum light use efficiency shows strong sensitivity to total radiation and NDVT;
the relative variation range in maximum light use efficiency induced by total
radiation error is merely -4.14% to 4.56%; the sensitivity of simulation results
to NDVT decreases as NDVI increases, and even when considering a 30% error,
the simulated values remain relatively concentrated within the variation range
of sample points. These findings indicate that the simulated maximum light use
efficiency for reeds possesses considerable stability and reliability.
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Abstract: Maximum light conversion efficiency (MLE) is a critical parameter
for the Carnegie-Ames-Stanford Approach (CASA) model, which is widely used
for modeling net primary productivity (NPP) globally. However, MLE is dif-
ficult to parameterize using experiments and field observations. Since MLE is
fundamental in ecological studies, modeling MLE is of vital importance and sig-
nificance. The present study determined the MLE of a Phragmites salt marsh in
the Liaohe River estuarine wetland in China. The main objectives were to: (1)
determine the MLE of a Phragmites marsh, and (2) investigate the sensitivity of
MLE to environmental factors. Factors included in the CASA model comprised
Absorbed Photosynthetically Active Radiation (APAR) using sunshine dura-
tion obtained from the National Meteorological Information Center; Fraction of
Absorbed Photosynthetically Active Radiation (FAPAR) calculated using the
Normalized Difference Vegetation Index (NDVI) determined from 16-day Mod-
erate Resolution Imaging Spectroradiometer (MODIS) data; temperature and
water stress coefficients calculated using MODIS reflectance data; and meteo-
rological variables including air temperature, precipitation, sunshine duration,
air pressure, water vapor pressure, wind velocity, and relative humidity. Field
observations of the NPP of the salt marsh were conducted at 54 sampling areas
with a size of 250 m x 250 m, of which 27 sites were used for modeling and the
remaining for validation.

The results showed that the Phragmites salt marsh had a relatively high carbon
conversion efficiency, with an average MLE of 1.667 g C/MJ, varying between
1.112 and 2.611 g C/MJ, which was much higher than the proposed value of 0.389
g C/MJ by Potter. It was even higher than that of broad-leaved, coniferous,
and theropencrymion forests. The simulated MLE was sensitive to global solar
radiation and NDVI, decreasing with their increase, which was more pronounced
at lower values. This indicated that it is important to check data quality and
increase the data accuracy of global solar radiation. In the present study, global
solar radiation was estimated using sunshine duration with an accuracy of 95%.
The relative range of MLE affected by the error of global solar radiation was
from -4.14% to 4.56%. MLE became less sensitive as NDVI increased, whereas
the simulated values still fell into the MLE range, but the NDVT error increased
by 30%. In practical applications, the differences in MODIS NDVI data were
much smaller, suggesting that our results are universal and could be used for
other satellite images with different spatial resolutions. The air temperature and
precipitation errors had little effect on the simulated results, as MLE was not
sensitive to them. The results of the sensitivity analysis increased the reliability
and confidence of the simulated MLE for the Phragmites salt marsh, which is
of great significance when studying the carbon sink and sequestration potential
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of wetlands in China and other regions globally.

Keywords: maximum light conversion efficiency; Phragmites salt marsh;
CASA model; net primary productivity; Liaohe River estuarine wetland

Introduction

Estuarine wetlands are a special type of wetland ecosystem that can be com-
pared with farmland ecosystems in terms of their high carbon sequestration
capacity. Salt marsh and mangrove wetlands can sequester much higher carbon
per unit area than even mature tropical rainforests. Located at the interface of
marine and river ecosystems, they are among the most productive ecosystems
and play an important role in the global carbon cycle. Site-based measured data
with high precision are indispensable basic materials for model calibration and
validation. Traditional plot observations are fundamental methods for wetland
productivity research, but due to the special natural environment of wetlands,
field measurements are difficult. At regional or global scales, the CASA model
based on light conversion efficiency is widely used. The maximum light con-
version efficiency is one of the most critical parameters in the CASA model,
directly affecting the total net primary productivity. Under ideal conditions,
it represents the maximum total dry matter fixed by vegetation per unit of
photosynthetically active radiation absorbed through photosynthesis.

The maximum light conversion efficiency varies significantly across ecosystems.
Harvard and Raymond proposed that forest maximum light conversion efficiency
can reach 1.1-1.4 g C/MJ, while Heimann and McGuire estimated global veg-
etation NPP using 1.25 g C/MJ. Raich estimated that forest maximum light
conversion efficiency is about 0.55 g C/MJ, with a narrower range for crops.
Potter simulated a maximum light conversion efficiency of 0.389 g C/MJ using
group NPP data, but this widely used value has been reported to underestimate
net productivity. These results indicate that local calibration or simulation of
maximum light conversion efficiency is crucial for accurate NPP estimation. Due
to limited measured data, there are few related studies. Running simulated dif-
ferent vegetation types using the BIOME-BGC ecophysiological process model,
obtaining maximum light conversion efficiencies of 0.542-0.985 ¢ C/MJ. Zhu
Wenquan used Chinese forestry census data and Pathfinder data to simulate
maximum light conversion efficiencies of 0.389-1.259 g C/MJ for major Chinese
forest vegetation types. However, forest ecosystem simulation values cannot be
simply applied to wetland ecosystems.

The Liaohe River estuarine wetland is one of China’ s important estuarine wet-
lands, located at the southern end of the Liaohe Plain at the top of Liaodong
Bay in the Bohai Sea. The interaction between marine and terrestrial forces
and the mixing of fresh and salt water creates complex and diverse wetland
types and ecological environments, developing wetland plant communities dom-
inated by Phragmites, Typha, and rice paddies. The Phragmites area reaches
756 km?, making it Asia’ s largest temperate coastal wetland and the world’ s
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second-largest reed field. Various oil development surface engineering projects
have altered the natural hydrological patterns and severely damaged the original
habitat, causing significant changes in vegetation and NPP patterns. Despite
some NPP research in the Liaohe Delta, most studies remain limited to finite
sampling points or landscape-level applications. Accurately determining the
maximum light conversion efficiency of Phragmites communities is a prerequi-
site for NPP research and is important for understanding estuarine wetland
carbon sink functions, assessing carbon sequestration potential, and improving
wetland ecosystem management.

Methods
1.1 CASA Model Parameterization

Based on the light conversion efficiency principle and considering water, temper-
ature, and nutrient stress, Monteith proposed using absorbed photosynthetically
active radiation and light conversion efficiency to estimate terrestrial NPP. Pot-
ter and Field implemented the NPP estimation based on this principle. The
theoretical framework can be expressed as:

NPP(z,t) = APAR(z,t) X e(z,t)

where APAR is absorbed photosynthetically active radiation, € is the actual
light conversion efficiency, x represents space, and t represents time.

The actual light conversion efficiency is the most critical component of the CASA
model. Potter proposed that vegetation has maximum light conversion efficiency
under ideal conditions, but actual light conversion efficiency is regulated by
environmental factors such as temperature, water status, and atmospheric water
vapor pressure deficit. Therefore, temperature and water availability are used
to adjust it, expressed as:

e(x,t) =T.(z,t) x W_(x,t) x €

max

where T is the temperature stress coefficient, W, is the water stress coefficient,

and €, is the maximum light conversion efficiency.

1.2 Calculation of APAR

Vegetation-absorbed photosynthetically active radiation depends on total solar
radiation and the fraction of photosynthetically active radiation absorbed by
vegetation, expressed as:

APAR(x,t) = SOL(z,t) x a Xx FPAR(x,t)
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where SOL is total solar radiation at pixel x, a represents the proportion of
solar effective radiation usable by vegetation (generally about 0.45-0.50 of total
solar radiation energy), and FPAR is the fraction of photosynthetically active
radiation absorbed.

Since solar radiation stations are scarce, the Angstrom-Prescott (A-P) model
and sunshine duration are often used to calculate total radiation. The fraction
of absorbed photosynthetically active radiation depends on vegetation type and
coverage. Studies show that FPAR has a linear relationship with the Normalized
Difference Vegetation Index (NDVI), which can be determined based on the
maximum and minimum NDVI values and corresponding FPAR values for a
vegetation type:

_ NDVI(@t) = NDVIyi o
= NDvI . —~NDvI . <

7, max 7,min

FPAR(I,t) max*FPARmin>+FPARmin

where NDVI; .. and NDVI, ;, are the maximum and minimum NDVT val-
ues for vegetation type i, and FPAR, ; and FPAR, . are the corresponding

minimum and maximum FPAR values (typically 0.001 and 0.95, respectively).

Further research indicates that FPAR also has a good linear relationship with
the Ratio Vegetation Index (RVI). Considering that NDVI-based estimates tend
to be higher than measured values while RVI-based estimates are lower but with
smaller errors, this study combines both methods and uses their average as the
final result.

1.3 Stress Coefficients

The temperature stress coeflicient T, is calculated as:

T.(z,t) = 0.02 x T, (x) — 0.0005 x T, ()2

where T, is the optimal temperature for vegetation growth, defined as the
mean air temperature of the month when NDVI reaches its maximum. When
monthly average temperature is -10°C, photosynthetic production is considered
zero. When temperature equals the optimal temperature, T, equals 1.

The water stress coefficient W, reflects the influence of water conditions on light
conversion efficiency:

EET(z,1)

where PFET is potential evapotranspiration calculated using the Penman-
Monteith equation, and FET is actual evapotranspiration calculated using the
complementary relationship proposed by Bouchet.
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1.4 Maximum Light Conversion Efficiency Calculation

From the formula, when NPP, APAR, T,, and W, are known, the maximum
light conversion efficiency for vegetation at a sample point can be calculated.
Since model estimation inevitably simplifies certain processes and different data
errors may be introduced, the maximum light conversion efficiency simulated
from different sample points may vary. This study uses the principle of minimum
error to fit the maximum light conversion efficiency for Phragmites.

1.5 Net Primary Productivity Allocation

Part of NPP is allocated to roots during the growing season, accumulating to
form belowground biomass. Since NPP includes both aboveground and below-
ground components, and due to the special conditions of wetlands and Phrag-
mites'well-developed deep root systems, belowground NPP measurement is more
difficult than aboveground. This study only measured aboveground biomass in
field plots. To separate aboveground NPP from the CASA model results, Pierre’
s model of leaf dynamic allocation is used to allocate carbon to different organs
based on resource availability:

N, xLxW xN

NPP, NPP x

root = K+LxWxN
N, xW x N
NPP, = NPP 5
stem “K+LxWxN
NPPleaf:NPP_NPProot_NPPstem

where IV, and N, represent allocation ratios to roots and stems under no resource
limitation, L is light availability estimated using leaf area index, W is the water
factor depending on soil moisture and texture, IV is the nutrient factor estimated
using humidity and temperature, and K is the extinction coefficient (default
value of 2).

Data Collection and Processing

Modeling vegetation NPP involves extensive meteorological data, remote sensing
data, and other basic materials. Data quality directly affects result reliability.
During data collection and processing, every effort was made to reduce inherent
errors and standardize the data.

2.1 Meteorological Data

Meteorological data included daily total radiation, air temperature, precipita-
tion, sunshine duration, air pressure, water vapor pressure, wind speed, and
relative humidity from 2009-2011. All data were obtained from the China Me-
teorological Data Sharing Network. Since regional NPP modeling requires grid-
based meteorological data, meteorological elements from stations were spatially
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interpolated to the entire region. To reduce edge interpolation errors, data from
26 meteorological stations across Liaoning Province were downloaded and inter-
polated using the ANUCLIM method, then clipped to the study area boundary.

2.2 Remote Sensing Data

Remote sensing data are indispensable for regional NPP research. MODIS multi-
band data provide vegetation and temperature information with high temporal
resolution and short repeat cycle, making them very important for regional
NPP studies. This study used MODIS data products to simulate Phragmites
community NPP, including MOD13 vegetation index products, MOD15 leaf
area index products, and MODO09 reflectance products from 2009-2011. These
products from NASA have undergone strict quality control and verification, with
proven accuracy sufficient for such research.

2.3 Net Primary Productivity Measurement Data

NPP was measured using the harvest method. Continuous, uniformly growing
typical Phragmites communities were selected, with 27 large plots (250 m x 250
m) used for simulating maximum light conversion efficiency and the other 27
for validation. In each large plot, five 2 m x 2 m subplots were established
at the corners and center. All Phragmites in the subplots were harvested at
ground level, separated by organ, weighed fresh, and sampled (300-500 g). Litter
was also collected. Samples were oven-dried at 80°C to constant weight, and
total dry weight per subplot was calculated based on dry matter ratios and
total fresh weight. The average of five subplots was used to calculate plot-
level biomass, then converted to carbon content per unit area using a carbon
conversion coefficient of 0.45.

Results
3.1 Simulation Results

The simulated maximum light conversion efficiency for Phragmites ranged from
1.112 t0 2.611 g C/MJ, with a mean value of 1.667 g C/MJ (1.656 & 0.43). This
is significantly higher than the 0.389 g C/MJ proposed by Potter and higher
than values for broad-leaved, coniferous, and mixed forests. Using the simulated
maximum light conversion efficiency, the actual light conversion efficiency of
Phragmites communities was calculated to be 0.957-1.102 g C/M.J.

The temporal dynamics of light conversion efficiency showed a clear unimodal
seasonal pattern. Due to low temperature constraints, Phragmites begins
growth when temperature rises to suitable levels, and light conversion efficiency
increases. As the growing season progresses with increasing temperature
and precipitation favoring photosynthesis, leaf area and coverage increase,
reaching maximum light conversion efficiency (1.524 g C/MJ) in late July when
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temperature and precipitation peak. Subsequently, efficiency decreases with
declining temperature and precipitation and leaf senescence.

3.2 Simulation Validation

Since maximum light conversion efficiency cannot be measured directly, valida-
tion was performed indirectly by comparing simulated aboveground NPP with
measured values using the simulated MLE of 1.667 g C/MJ. The correlation
coefficient between simulated and observed values was 0.63 (p < 0.001), with
root mean square error of 24% and mean values of 619.9 ¢ C/m? (simulated)
and 627.3 g C/m? (observed), showing good consistency. When using Potter’
s value of 0.389 g C/MJ, simulated aboveground NPP was only 112.8-184.6 g
C/m?, significantly underestimating the carbon sequestration capacity.

3.3 Sensitivity Analysis

To simulate vegetation MLE, remote sensing and meteorological data are used
to calculate APAR, FPAR, T,, and W,. Errors in these data propagate to the
final results. The main error sources include: APAR error from estimating total
radiation using sunshine duration, FPAR error from NDVI, and 7. and W,
dependence on temperature and precipitation.

Single-factor analysis was conducted by varying each factor within +30% of
actual 2009-2011 values. Results showed different factors affected simulations
differently:

e Total radiation and NDVI: Strong sensitivity, with simulated MLE
decreasing as they increased. MLE ranged from 1.239-2.568 ¢ C/MJ (1.752
+ 0.409) and 1.313-2.276 g C/MJ (1.716 + 0.308) respectively. Sensitivity
was more pronounced at lower values, with first derivatives of -1.351 to
-0.642 and -1.218 to -0.708 respectively. However, even with +30% error,
simulated values remained within the sample range (1.112-2.611 g C/MJ).

o Temperature and precipitation: Low sensitivity, with MLE ranges
of 1.547-1.801 g C/MJ (1.669 + 0.08) and 1.586-1.774 ¢ C/MJ (1.672 +
0.06) respectively. First derivatives were small (-0.12 to 0.134 and -0.08
to 0.107), indicating stable results.

Total radiation was estimated using sunshine duration with 95% accuracy (rela-
tive root mean square error < 5% for all 27 samples). With this error estimate,
simulated MLE ranged from 1.598-1.743 g C/MJ, with absolute change of -0.069
to 0.076 g C/MJ and relative change of only -4.14% to 4.56%, demonstrating
stability and reliability.

NDVI sensitivity decreased with increasing vegetation cover. Even with max-
imum NDVT error, simulated results (1.313-2.276 g C/MJ) remained concen-
trated within the sample range. MODIS NDVI data from different resolutions
(250 m and 1000 m) showed small differences (0.016 g C/MJ), proving the uni-
versality of results across satellite images with different spatial resolutions.
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Conclusion

Accurately determining maximum light conversion efficiency is fundamental for
studying regional vegetation NPP using light use efficiency models. This study
combined remote sensing technology with ground meteorological observations
and productivity field monitoring to invert the maximum light conversion effi-
ciency of typical Phragmites communities in the Liaohe River estuarine wetland
using the CASA model.

The results show that Phragmites communities have very high carbon conver-
sion capacity, with maximum light conversion efficiency reaching 1.667 g C/MJ
and actual conversion efficiency of 0.957-1.102 ¢ C/MJ. Sensitivity analysis re-
veals that simulated MLE is strongly sensitive to total radiation and NDVI,
decreasing as these factors increase, with sensitivity more pronounced at lower
values. Controlling total radiation precision is particularly important, though
this study achieved 95% simulation accuracy. With this error estimate, the
relative change amplitude of simulated MLE is only -4.14% to 4.56%, indicat-
ing stability and reliability. Sensitivity decreases with increasing NDVI, and
even with 30% error, simulated values remain within the sample range. MODIS
NDVI data are widely used for regional NPP research, and different resolutions
yield similar results, making them comparable. Simulated Phragmites MLE
shows low sensitivity to temperature and precipitation, with minimal impact
from their errors.
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