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Abstract
Dense and widespread tropical rainforests across Southeast Asia are crucial for the global carbon
cycle. A new generation geostationary satellite, Himawari-8/9, and onboard sensor, the Advanced
Himawari Imager (AHI), enables hyper-temporal vegetation monitoring in this cloud-prone
region. However, AHI’s fixed viewing geometry varies spatially, making consistent vegetation mon-
itoring challenging across a wide area at a seasonal scale. This study evaluated four different sun-
target-sensor geometry conditions using two-band enhanced vegetation index (EVI2) to achieve
near-uniform geometry and enhance the ability to monitor vegetation activities: (i) nadir condi-
tion, which used nadir viewing and solar geometry at local solar noon; (ii) local solar noon (LSN)
condition, which used pixel-by-pixel fixed viewing and solar geometry at local solar noon; (iii)
temporally-constant scattering angle (T-CSA) condition, which used pixel-by-pixel fixed viewing
and solar geometry corresponding to the scattering angle which meets the criterion (Gao et al 2024
Remote Sens. Environ. 315 114407); and (iv) spatially-constant scattering angle (S-CSA) condi-
tion, which used pixel-by-pixel fixed viewing and solar geometry corresponding to a uniform scat-
tering angle of 140◦. Among these, the S-CSA condition most effectively mitigated angular arti-
facts. The derived EVI2 showed higher correlations with tower-based gross primary productivity
(GPP), indicating it better captured seasonal variations in vegetation activity. It also demonstrated
spatially consistent temporal variations, least affected by AHI’s unique observation geometry.
Applying a near-uniform sun-target-sensor geometry based on the S-CSA condition improves
monitoring capability in Southeast Asia and enhances our understanding of vegetation dynamics.

1. Introduction

Southeast Asia is covered by dense and widespread
tropical rainforests, which play a critical role in the

global carbon cycle (Pan et al 2024). However, the ter-
restrial carbon cycle in this region remains uncertain
due to the complex interplay of natural and anthro-
pogenic factors (Bastos et al 2020). Among these,
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the El Niño–Southern Oscillation strongly influences
interannual variations in the region’s carbon cycle
(Kondo et al 2018). Furthermore, Southeast Asia has
experienced one of the highest deforestation rates in
the world in recent decades (Vancutsem et al 2021).
These land-use changes are expected to significantly
impact the regional carbon budget and accelerate cli-
mate change (Watson et al 2018). Therefore, under-
standing vegetation dynamics across Southeast Asia
is essential.

Conventional polar-orbiting satellites can observe
land surfaces approximately once per day and have
been widely used for vegetation monitoring. For
example, many studies have investigated the sea-
sonal and interannual variations in vegetation activ-
ity across Southeast Asia using Moderate Resolution
Imaging Spectroradiometer (MODIS) onboard Terra
and Aqua (Huete et al 2008, Zhang et al 2016,
Satriawan et al 2024). However, its low observation
frequency prevented the acquisition of surface obser-
vations because of frequent and persistent cloud cover
(Nagai et al 2014).

In recent years, various new-generation geo-
stationary earth orbit (GEO) satellites have been
launched, and their higher temporal resolution com-
pared with that of polar-orbiting satellites has been
utilized in applications such as fire detection (Hally
et al 2019, Wiggins et al 2020) and the estimation
of gross primary production (GPP) at the diurnal
scale (Khan et al 2022, Jeong et al 2023, Li et al
2023). GEO satellites provide unprecedented oppor-
tunities for understanding vegetation dynamics in the
Amazon (Hashimoto et al 2021, Zhang et al 2022)
and Southeast Asia (Tian et al 2025). Particularly,
the Himawari-8/9 GEO satellite equipped with the
Advanced Himawari Imager (AHI) observes Asia and
Oceania every 10 min. Tian et al (2025) investigated
the seasonality of vegetation greenness in Southeast
Asia by deriving normalized difference vegetation
index (NDVI) from Himawari AHI surface reflect-
ance data. However, this study did not focus on how
accurately NDVI captures vegetation activity, high-
lighting the need for further investigation.

Despite high temporal frequency observations,
the viewing geometry of GEO satellites makes spa-
tial and temporal vegetation monitoring challenging.
Unlike polar-orbiting satellites with a changing view-
ing geometry and fixed observation time, GEO satel-
lites’ viewing geometry remains fixed, whereas solar
geometry changes diurnally and seasonally (Fensholt
et al 2006). Variations in surface reflectance caused
by the positions of the sun and sensor are known
as the bidirectional reflectance distribution function
(BRDF). These BRDF-induced reflectance changes
can pose significant challenges for vegetation mon-
itoring, as they may be misinterpreted as vegetation
activity.

Various approaches have been explored to mit-
igate BRDF effects, including semi-empirical BRDF

models that adjust reflectance for specific obser-
vation geometries (Morton et al 2014). For polar-
orbiting satellites, nadir BRDF-adjusted reflectance
(NBAR), which estimates reflectance at a nadir View
Zenith Angle (VZA) at local solar noon, is com-
monly used (Schaaf et al 2002, Roy et al 2016).
However, for the Himawari AHI, large VZAs over
most parts of Southeast Asia (figure 1) make nadir
normalization impractical due to angular extrapol-
ation uncertainties (Zhang et al 2016). Additionally,
semi-empirical models perform poorly under hot-
spot conditions when solar and viewing directions
coincide (Schaaf et al 2002); using fixed solar geo-
metry, such as local solar noon, may introduce noise
due to hot-spot effects in some specific locations.
Recently, Gao et al (2024) proposed the constant scat-
tering angle (CSA) criterion in mid-latitude regions
to mitigate the BRDF effects in GEO satellites. This
approach selects observations such that the scatter-
ing angle remains constant, based on the assump-
tion that surface reflectance primarily depends on
the scattering angle rather than on the individual
solar and viewing geometries. This method has been
demonstrated to be effective in normalizing reflect-
ance time-series and reducing directional influences
in land surfacemonitoring. Since CSAwas defined on
a pixel-by-pixel basis, and spatial continuity was not
considered.Moreover, its applicability to low-latitude
regions remains unclear, where view azimuth angles
around 90◦ are typically smaller than 110◦–180◦ in
mid-latitude regions, while VZAs remain similar at
0◦–60◦. This unique viewing geometry may cause
biases such as longitude dependency in pixel-based
approaches.

This study examined optimal sun-target-sensor
geometry across Southeast Asia to achieve near-
uniform geometry and enhance the ability to mon-
itor vegetation activities, including GPP, at seasonal
scale. We evaluated four different geometry condi-
tions using the two-band enhanced vegetation index
(EVI2), based on comparison with flux tower-based
GPP at the site scale and spatial patterns of EVI2 at
sub-continental scales. Among them, the spatially-
CSA (S-CSA) condition, proposed in this study, most
effectively mitigated BRDF effects. Inspired by the
CSA criterion (Gao et al 2024), this approach used a
uniform scattering angle across Southeast Asia, rather
than a pixel-based approach, to enable direct pixel-to-
pixel comparisons.

2. Materials andmethods

2.1. Study area and flux tower measurement sites
The study area consists of the Indochina Peninsula,
Malay Peninsula, Borneo, Sumatra, and surround-
ing islands with six eddy-covariance tower obser-
vation sites registered in AsiaFlux (www.asiaflux.
net) (figure 1 and table S1). The landcover pre-
dominantly comprises evergreen tropical forests and
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Figure 1. Study region and location of flux tower sites used in this study. The landcover is based on copernicus global land ser-
vice: land cover 100 m: collection 3 product (Buchhorn et al 2020). The Himawari AHI sub-satellite point is shown as a star.
Himawari AHI 10◦, 20◦, 30◦, 40◦, and 50◦ view zenith angles (VZAs) are indicated with blue circles.

croplands. Among the six sites, Lambir Hills National
Park (LHP) (Takamura et al 2023), degraded tropical
peatland (DTP), and intact tropical peatland (ITP)
(Deshmukh et al 2021) are located in moist trop-
ical forest regions characterized by abundant rainfall
throughout the year and no distinct wet or dry sea-
sons. The other three sites, the Mae Klong (MKL),
Sakaerat (SKR) (Ishida et al 2010), and Mae Moh
plantation (MMP) (Yoshifuji et al 2006), are located
in dry tropical regions characterized by distinctivewet
and dry seasons.

2.2. Eddy-covariance data
We estimated GPP data by flux-partitioning, using
the observed net ecosystem exchange (NEE) for the
six sites (Reichstein et al 2005). The GPP datasets
for the LHP and MMP sites were based on the
JapanFlux2024 dataset (Ueyama et al 2025). For the
DTP and ITP sites, we used theGPP dataset published
inDeshmukh et al (2021). For theMKL and SKR sites,
NEEdata provided in theAsiaFlux databasewere con-
verted to GPP based on Ichii et al (2017) and Ueyama
et al (2012). Using these post-processed GPP data, we
created a 16-day accumulation dataset.

2.3. Himawari AHI land surface reflectance data
and their BRDF parameter retrieval
We used Himawari AHI surface reflectance data from
red (0.64 µm) (RED) and near-infrared (0.86 µm)
(NIR) bands (Li et al 2025, Zhang et al 2025. The
data were geometrically corrected and re-gridded
from Himawari standard data (Takenaka et al 2020,
Yamamoto et al 2020). The temporal and spatial
resolutions were 10 min and 0.01◦, respectively.

The analysis covered 02:00–08:00 UTC (9:00–15:00
Indonesia Western Standard Time for the DTP,
ITP, MKL, SKR, and MMP sites and 10:00–16:00
Indonesia Central Standard Time for the LHP site)
from 1 January 2018 to 31 December 2019. For
data screening, we applied cloud filtering based on
Yamamoto et al (2018) and excluded cases with aero-
sol optical thickness at 500 nm greater than 0.6.

We further applied a kernel-driven semi-
empirical BRDF model, the Ross-Thick (RTK) and
Li-Sparse-Reciprocal (LSR) kernel models (Li and
Strahler 1992), to estimate reflectance under specific
geometry conditions. This model is widely employed
for BRDF parameter estimation and correction for
both polar-orbiting (Lucht et al 2000, Schaaf et al
2002) and GEO satellites (Zhang et al 2021, Li et al
2025). The estimated reflectance is expressed as:

ρ(θs,θv,φ s−φ v) = fiso+ fvol ·Kvol(θs,θv,φ s−φ v)

+ fgeo ·Kgeo(θs,θv,φ s−φ v) (1)

where ρ is the reflectance, θs and φ s are the solar
angles, θv and φ v are the view angles, Kvol and Kgeo
are the RTK kernel for the volume kernel, and the
LSR kernel for the geometric kernel, and fiso, fvol,
and fgeo are the model parameters. BRDF paramet-
ers were obtained via multiple linear regression on a
pixel basis using the reflectance after data screening
and kernels with a 15 d rolling window. The regres-
sion was applied only when at least ten valid obser-
vations were available in seven days before and after
the target date, with at least three in both themorning
and afternoon.
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2.4. Analysis
Since we assumed that the choice of sun-target-sensor
geometry is essential to monitor seasonal variations
in vegetation activities using the Himawari AHI, four
different geometry conditions were tested: (i) nadir,
(ii) local solar noon (LSN), (iii) temporally-constant
scattering angle (T-CSA), and (iv) spatially-constant
scattering angle (S-CSA) conditions.

i. Nadir condition (figure S1 (a)): Nadir viewing
(i.e. θv = 0◦) and solar geometry at local solar
noon (Camacho-de Coca et al 2004) were used.
This condition is adopted in MODIS and VIIRS
NBAR products (MCD43, VNP43) (Schaaf et al
2002, Liu et al 2017).

ii. LSN condition (figure S1(b)): Pixel-by-pixel
fixed viewing and solar geometry at local solar
noon were used.

iii. T-CSA condition (figure S1(c)): Pixel-by-pixel
fixed viewing and solar geometry corresponding
to the scattering angle closest to CSA, as defined
by Gao et al (2024), were used. The scattering
angle (θ), the angle between the incident solar
vector (from the sun to object) and the viewing
vector (from object to sensor), is defined as fol-
lows (Iqbal 1983):

cosθ =−cosθscosθv− cos(φ s−φ v) sinθssinθv .
(2)

The backscattering condition (i.e. when the
sensor views the surface near the solar backscat-
tering direction, thereby minimizing shadowing
and enhancing canopy reflectance) occurs at lar-
ger scattering angles (figure S2), and hot-spot
conditions (θ > 175◦) can lead to significantly
increased reflectance (Vermote and Roy 2002).
CSAwas determined for each pixel based on scat-
tering angles at the summer and winter solstices
(Gao et al 2024). In the study region, the determ-
ined CSA ranged from 152◦ to 157◦.
iv. S-CSA condition (figure S1(d)): Pixel-by-pixel
fixed viewing and solar geometry correspond-
ing to the scattering angle closest to 140◦ over
the entire region were used. In the study region,
the common candidate range of scattering angles
across the domain was 132◦–152◦ since the scat-
tering angle takes 132◦–156◦ at the pixel nadir
of the sub-satellite point and 95◦–152◦ at the
farthest pixel (23◦ N, 90◦ E) throughout the year.
Among these values, 140◦ was selected as CSA
to avoid backscattering conditions and to pre-
vent the use of extreme angles (e.g. 132◦ or 152◦),
which could bias observation geometry toward
morning or evening.

To express seasonal vegetation dynamics, we
appliedmean compositing (MC) to generate a 16-day
composite EVI2 from surface reflectance (Jiang et al

2008). EVI2 is known to be more effective in highly
dense vegetation and less affected by clouds or aer-
osol contamination than NDVI (Huete et al 2002).
The MC algorithm is the most effective in reducing
the noise induced by residual BRDF and atmospheric
effects (Vancutsem et al 2007).

We evaluated the effectiveness of each geometry
condition at both site and sub-continental scales.
First, we analyzed time-series of scattering angles and
corresponding solar zenith angles (SZAs) at each site
to assess geometric variation among the four geo-
metry conditions. Then, we evaluated the reliability
of EVI2 by comparing a 16-day composite EVI2 with
tower-based GPP. All variables were extracted from
pixels corresponding to each site location. Note that
both EVI2 and GPP reflect vegetation activity but are
sensitive to different aspects. EVI2 better represents
canopy structure (Jiang et al 2008), while GPP further
reflects photosynthetic activity and is more sensitive
to environmental stress. Pearson’s correlation coeffi-
cient was used to quantify their relationship. AtMKL,
SKR, andMMP, where GPP data were unavailable for
2018–2019, EVI2 andGPPwere averaged across avail-
able years, assuming no landcover changes.

On a sub-continental scale, we investigated the
spatial uniformity of the seasonal variation range
and magnitude of EVI2. The variation range was
assessed using amplitude, defined as the difference
between annual maximum and minimum EVI2,
averaged over 2018–2019. To evaluate EVI2 mag-
nitude, we generated longitudinal profiles of annual
mean EVI2 for evergreen forests within the equat-
orial region (i.e. ±2.5◦ N/S). Evergreen forests are
predominantly distributed in this region (figure 1)
and exhibit some of the smallest seasonal variations
worldwide. Therefore, we assumed that EVI2 values
should remain relatively constant across longitudes at
the equator.

3. Results

3.1. Site-level analysis
Time-series of the scattering angle and SZA differed
substantially across the four geometry conditions
(figure 2). The scattering angle under the Nadir con-
dition showed wide variation ranges, from approx-
imately 140◦–180◦. By contrast, under the LSN con-
dition, the scattering angle exhibited moderate vari-
ations, with a seasonal change of approximately 10◦

within 125◦–150◦ across all sites. As defined, the T-
CSA and S-CSA conditions maintained nearly con-
stant throughout the year, while the T-CSA condi-
tion showed slight differences depending on the sites.
Regarding SZA, both Nadir and LSN conditions rep-
resented SZA at local solar noon. Conversely, the T-
CSA condition consistently yielded larger SZA than
the LSN condition throughout the year, especially
during day of year (DOY) 130–200, when it devi-
ated significantly from local solar noon. The S-CSA
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Figure 2. Time-series of solar zenith angle and scattering angle under four geometry conditions: nadir, local solar noon (LSN),
temporally-constant scattering angle (T-CSA), and spatially-constant scattering angle (S-CSA) conditions at the (a) Lambir Hills
National Park (LHP), (b) Mae Klong (MKL), (c) degraded tropical peatland (DTP), (d) Sakaerat (SKR), (e) intact tropical peat-
land (ITP), and (f) Mae Moh plantation (MMP) sites.

condition exhibited SZA smaller than that under the
T-CSA condition and remained closer to the LSN
condition.

Among the four geometry conditions, EVI2 under
the LSN and S-CSA conditions showed the highest
correlation with GPP, followed by the T-CSA condi-
tion, while the Nadir condition had the lowest cor-
relation (figure 3). For the LSN and S-CSA condi-
tions, significant correlations were found in five out
of the six sites. At the LHP, DTP, and ITP sites, EVI2
under both geometry conditions exhibited lower cor-
relation coefficients than at theMKL, SKR, andMMP
sites. However, it displayed stable and small seasonal
variations, characteristic of evergreen forests near the
equator. Particularly at the DTP and ITP sites, EVI2
showed a similar variation toGPP, with a peak around
February, followed by a slight decrease. For the T-CSA
and Nadir conditions, significant correlations were
observed in only four sites and one site, respectively.
EVI2 under the Nadir condition fluctuated substan-
tially regardless of the vegetation type. For example,
EVI2 varied by more than 0.6 over 16 d at the DTP
and ITP sites, even in evergreen forests. For the T-CSA
condition, EVI2 showed noticeable increases around
DOY 130–200 at all sites, differing from EVI2 time-
series under other conditions as well as tower-based
GPP.

3.2. Regional scale analysis
The S-CSA condition produced the most spatially
consistent distribution of seasonal EVI2 amplitude
(figure 4(d)). The Nadir condition exhibited large
amplitudes across the entire region, including ever-
green forests (figures 1 and 4(a)). The LSN condition
better reflected landcover compared with that of the
Nadir condition (figures 1 and 4(b)). For example,
evergreen forests showed smaller amplitudes (<0.10),
whereas croplands exhibited larger ones (>0.25).
However, the LSN condition yielded larger amp-
litudes (>0.15) near the sub-satellite point (e.g. New
Guinea) than in other evergreen forests at similar lat-
itudes. The T-CSA condition demonstrated a notable
longitude dependency (figure 4(c)). Among equat-
orial evergreen forests (e.g. Sumatra Island, Borneo
Island, and New Guinea), the amplitude increased
from ∼0.05 to ∼0.20 as the distance from the sub-
satellite point increased. Finally, the S-CSA condi-
tion exhibited clear correspondence with landcover,
without the regional bias seen in the LSN condition
and the longitude dependency of the T-CSA condi-
tion (figure 4(d)).

The longitudinal profiles of the annual mean
EVI2 showed that the S-CSA condition remained
nearly uniform across all longitudes (figure 4(e)).
Under the LSN condition, EVI2 increased eastward

5



Environ. Res. Lett. 20 (2025) 124001 M Hase et al

Figure 3. Time-series of 16-day two-band enhanced vegetation index (EVI2) derived from the four geometry conditions and
gross primary productivity (GPP) (black line) at the (a) Lambir Hills National Park (LHP), (b) Mae Klong (MKL), (c) degraded
tropical peatland (DTP), (d) Sakaerat (SKR), (e) intact tropical peatland (ITP), and (f) Mae Moh plantation (MMP) sites. The
conditions include the Nadir (green dashed line), local solar noon (LSN) (orange dashed line), temporally-constant scattering
angle (T-CSA) (blue dashed line), and spatially-constant scattering angle (S-CSA) conditions (red line). EBF and DBF indic-
ate evergreen broadleaf forest and deciduous broadleaf forest, respectively. At the MKL, SKR, and MMP sites, 16-day EVI2 and
GPP were averaged for available years. R values indicate Pearson’s correlation coefficients between EVI2 and GPP, with ∗ and ∗∗

denoting statistical significance at p< 0.1 and p< 0.01, respectively.

(0.011/deg, p < 0.001), with a sharp increase from
approximately 0.51 at 130◦–135◦ E to 0.56 at
135◦–140◦ E, near the sub-satellite point. By contrast,
the T-CSA condition displayed a westward increasing
trend in EVI2 (0.008/deg, p < 0.0001). In the Nadir
condition, no explicit longitudinal dependency was
evident, but unlike the other conditions, the variance
in EVI2 between pixels increased substantially in the
western region.

4. Discussion

Examining EVI2 variations under the four differ-
ent geometry conditions at site and sub-continental
scales, our study demonstrated that the S-CSA con-
dition minimizes BRDF effects and spatial discon-
tinuities. Under the Nadir condition, the extrapola-
tion of pixel-by-pixel fixed viewing geometry to the
nadir resulted in large fluctuations in derived reflect-
ance (figure S3) (Gao et al 2001, Zhang et al 2016a)
and thus EVI2 (figures 3 and 4(a)). The uncertainty
increased with distance from the Himawari AHI

sub-satellite point, as extrapolated angles become lar-
ger (figure 4(e)). The LSNcondition,which selects the
smallest SZA of the day, mitigated solar angle effects
and enhanced the correlation between EVI2 and
tower-based GPP (figure 3). However, near the sub-
satellite point, both the magnitude and amplitude of
EVI2 sharply increased (figures 4(b) and (e)) due to
hot-spot conditions (θ > 175◦) occurring twice a year
around local solar noon (figure S4(a)). This intro-
duces regional biases because, unlike general BRDF
effects that produce gradual geometry-dependent
variations in reflectance, hot-spot effects produce
anomalously high reflectance. Specifically, at a pixel
in this region, RED and NIR increased by ∼20%
and ∼35%, respectively, under hot-spot conditions,
causing EVI2 rises of approximately 40% (figures
S4(b) and (c)). Similar hot-spot artifacts were repor-
ted for GOES-16 ABI reflectance (Li et al 2021) and
appear in other indices such as NDVI and NIRv. This
issue is particularly critical for GEO satellites, which
continuously observe the same region; thus, hot-
spot geometries can systematically recur around local
solar noon in specific locations, amplifying regional
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Figure 4. (a)–(d) Amplitude of 16-day two-band enhanced vegetation index (EVI2) derived from the (a) Nadir, (b) local solar
noon (LSN), (c) temporally-constant scattering angle (T-CSA), and (d) spatially-constant scattering angle (S-CSA) conditions.
Amplitude is defined as the mean difference between the annual maximum and minimum EVI2 in 2018 and 2019. (e) Annual
mean EVI2 profiles for every 5◦ of longitude in the equatorial region (i.e.±2.5◦N/S). Only EVI2 from areas where land pixels
account for at least 5% are shown. Error bars represent the standard deviation (±1 σ). The dashed line indicates the longitude of
the Himawari AHI sub-satellite point.

biases. Our results further support the importance of
avoiding hot-spot conditions for accurate vegetation
monitoring.

Larger SZAs selected under the T-CSA condi-
tion, compared to those at local solar noon, lead
to solar angle effects that intensify with increasing
distance from the sub-satellite point (figures 2, 4(c)
and (e)). Across Southeast Asia, the selected CSA
exceeded 150◦, indicating backscattering conditions
that increase reflectance. Since most of the region
lies west of the Himawari AHI, this backscatter-
ing primarily occurs in the morning (figure S2(a)).
The particularly large SZA selected for DOY 130–
200 thus corresponds to early morning observations,
further elevating reflectance (figure S3). This affects
not only EVI2 (figure 3) but also other vegetation
indices. Additionally, the impact of solar angle effects

varies by the distance from the sub-satellite point. For
instance, although the DTP, ITP, and LHP sites are
at similar latitudes, the DTP and ITP sites, located
farther west, showed larger annual SZA variations
(figures 2(a), (c) and (e)). Correspondingly, the EVI2
variation ranges exceeded 0.10, while ∼0.07 at the
LHP site (figures 3(a), (c) and (e)). These findings
suggest that increased distance introduces longitude-
dependent variations in EVI2, also apparent in the
spatial patterns (figures 4(c) and (e)). However, such
a trend was not observed in EVI2 profiles derived
from MODIS NBAR (0.000/deg, p = 0.85) (figure
S5). This indicates that the observed increase is
likely attributable to solar angle effects rather than
actual vegetation changes, emphasizing the need
to minimize annual SZA variation when defining
CSA.
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The S-CSA condition effectively addresses the
limitations of other geometry conditions. The selec-
ted solar geometry is within the range of observa-
tion geometry, meaning that it does not induce angu-
lar extrapolation uncertainties. The S-CSA condition
also avoids hot-spots; thus, EVI2 time-series does not
exhibit spikes (figure S4(c)). Furthermore, unlike the
pixel-by-pixel T-CSA condition, which causes large
annual SZA variation and spatial discontinuities, the
S-CSA condition applies a uniform scattering angle
across Southeast Asia, mitigating solar angle effects
and ensuring spatial consistency. Consequently, EVI2
under the S-CSA condition showed seasonal variation
that was least affected by the BRDF effects and higher
correlations with tower-based GPP at almost all sites.
Moreover, likeMODISNBAR, the S-CSA condition is
not subject to regional bias or longitude dependence,
enabling consistent pixel-to-pixel comparisons across
Southeast Asia (figures 4(d), (e) and S5).

To test whether the results were sensitive to the
specific choice of scattering angle in S-CSA, we also
applied the S-CSA method using 135◦ and 145◦

(figure S6). The results were nearly identical to those
at 140◦, confirming that the S-CSA approach is robust
to small variations in the selected scattering angle.

Hot-spot effects—enhanced canopy reflectance
resulting from shadow hiding when the sensor
and Sun are nearly aligned in the backscattering
direction—differ from general BRDF distortions,
which stem from broader anisotropic reflectance
under changing illumination and viewing geomet-
ries. GEO satellites, due to their consistent revisit
geometries, are particularly prone to repeated near-
backscatter observations, making hot-spot artifacts
more common and temporally disruptive (Yang
et al 2025). By enforcing a S-CSA, the S-CSA
approach avoids near-backscattering conditions and
thus effectively reduces hot-spot noise in high-
frequency vegetation monitoring.

The S-CSA condition has the potential to greatly
improve vegetation monitoring in tropical regions.
Based on the spatial relationship between the study
area (90◦ E–165◦ E, 12◦ S–23◦ N) and the Himawari
AHI (140.7◦ E, 0◦ S), the S-CSA condition was shown
to be applicable within a maximum range of ±23◦
in latitude and ±50◦ in longitude from the sub-
satellite point. This range can be extended by integrat-
ing multiple GEO satellites to cover nearly the entire

tropical region. In principle, the S-CSA method is
not limited to Himawari-8/9 but can also be applied
to other geostationary platforms, such as GK-2A,
GOES-16, and FY-4A, since it depends solely on
the relative geometry among the satellite, the sur-
face, and the Sun. This implies that the approach
could be extended to the entire tropical regions bey-
ond Southeast Asia, including the Amazon Basin
and Central Africa. Such expanded coverage enables

hyper-temporal vegetation monitoring across trop-
ics and mitigates the impact of spatial variation
in viewing geometry among pixels, a key challenge
in GEO satellite observations. Therefore, the S-CSA
condition offers promising opportunities for more
detailed and extensive vegetation dynamics analysis,
in particular over tropical regions worldwide.

Although flux-based validation in this study was
restricted to evergreen and deciduous broadleaf forest
sites, we also applied the method to cropland sites in
Vietnam and the Philippines, where flux observation
data were not available (figure S7). The results indic-
ated that S-CSA consistently provided the most stable
and coherent vegetation index signals compared with
other geometry definitions. This suggests that the
benefit of enforcing spatially uniform scattering geo-
metry is not limited to forests but can also extend to
heterogeneous landscapes such as croplands. Future
work should further validate these results with flux
observations from additional land-cover types.

This study evaluated the S-CSA method mainly
using flux datasets from 2018–2019, which, although
consistent and complete, cover only a short period
and do not capture full interannual variability.
Extreme climate conditions, such as El Niño, were
therefore not explicitly tested. However, since the S-
CSA method depends only on the relative geometry
among the satellite, the surface, and the Sun, it is
in principle applicable to any year. This implies that
vegetation responses to interannual variability should
also be detectable. Future work will extend the ana-
lysis to multi-year datasets, including extreme years,
to further confirm the robustness of the method.

5. Conclusion

This study introduced the S-CSA condition as the
most effective sun-target-sensor geometry for the
Himawari AHI to ensure uniform observation geo-
metry across Southeast Asia. Compared to other geo-
metry conditions, the S-CSA condition effectively
mitigated BRDF-induced artifacts and noise, while
maintaining spatial consistency across the region.
Consequently, EVI2 derived under the S-CSA condi-
tion showed stronger correlations with tower-based
GPP and more accurately captured seasonal vegeta-
tion activity. These findings underscore the import-
ance of applying uniform sun-target-sensor geo-
metry for consistent vegetation monitoring using
GEO satellites.

The S-CSA approach overcomes a key limit-
ation of geostationary satellites, namely the spa-
tial variation in viewing geometry across pixels, by
providing spatially homogeneous relative conditions.
This enables spatially consistent and high-frequency
vegetation monitoring across large regions, includ-
ing Southeast Asia and tropical rainforest areas.
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Beyond methodological advances, the approach also
has potential applications in carbon monitoring
frameworks, such as REDD+ initiatives and trop-
ical forest management programs, where robust and
consistent monitoring of vegetation dynamics is
essential.

Data availability statement

Himawari surface reflectance products are pub-
licly available via: ftp://modis.cr.chiba-u.ac.jp/ichii/
SEND_NEW/H8AHI_SR. The flux data can be down-
loaded from the JapanFlux2024 dataset (https://ads.
nipr.ac.jp/japan-flux2024/) for the LHP and MMP
sites, the AsiaFlux database (https://db.cger.nies.go.
jp/asiafluxdb/) for the MKL and SKR sites, and
Zenodo (https://zenodo.org/records/4835696) for the
DTP and ITP sites.
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