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Unbiased High-Precision Cloud Detection
for Advanced Himawari Imager Using
Automatic Machine Learning
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Abstract—Clouds play a pivotal role in the global radiation bud-
get and energy cycle, making accurate cloud detection via satellite
remote sensing essential for understanding their evolutions. How-
ever, existing machine learning-based cloud detection algorithms
have limitations, particularly in data preprocessing and feature
engineering, and few are designed to cover the entire geostationary
satellite observation region. In this study, we integrate three devi-
ation elimination schemes for cloud cover differences and various
surface type characterization modes to develop an unbiased, high-
precision cloud detection algorithm for the advanced Himawari
imager (AHI) onboard Himawari-8, leveraging automatic machine
learning (AutoML) techniques. In addition, we provide a new
perspective on model interpretability by incorporating concepts
from cooperative game theory. Our results indicate that cloud
detection algorithms constructed separately for different surfaces
yield better results than those applied uniformly across the entire
region by inputting surface feather. The optimal algorithm achieves
unbiased cloud detection across multiple surfaces by adjusting
the output threshold of the mapping function, allowing for cloud
detection results with varying confidence levels as required. The
true skill statistic of the optimal AutoML-based cloud detection
algorithm is 87.32%, which is 13.72% higher than that of the AHI
official cloud mask. The deviation rate of the optimal algorithm
is only 0.79%, significantly lower than the 20.48% of the AHI
official cloud mask. Long-term cloud frequency (CF) tests show that
our optimal algorithm’s CF distribution is more consistent with
cloud-aerosol lidar with orthogonal polarization results compared
with the AHI official products.

Index Terms—Automatic machine learning (AutoML), geo-
stationary satellite, marginal contribution, unbiased cloud
detection.
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1. INTRODUCTION

LOUDS cover two-third of the Earth’s surface and play
C a crucial role in the radiative budget and hydrological
cycle of the Earth-atmosphere system [1], [2]. Different cloud
types exert distinct radiation effects: low clouds primarily re-
flect shortwave radiation back to space, contributing to surface
cooling. However, high clouds predominantly absorb longwave
radiation emitted by the surface and lower atmosphere, resulting
in a warming effect [3], [4], [5], [6]. Given the intricacy of
cloud radiative effects, even slight changes in cloud cover can
lead to significant variations in global energy balance, thereby
substantially impacting climate change. In the context of climate
warming, continuous adjustment of the atmospheric circulation
can induce the variation of cloud distribution. This alternation
of cloud cover will further impact radiation budget, causing
a feedback effect on the climate. General circulation model
(GCM) simulations have found that different types of clouds
tend to vary differently with global warming [7], [8]. However,
these feedback changes cannot be accurately represented in
GCMs, making cloud feedback a major source of uncertainty
in estimating climate sensitivity [9], [10]. Hence, the accurate
observation of cloud cover is essential for constraining and
reducing these uncertainties in climate models.

Satellite observations are powerful platforms for observing
cloud cover on a global scale [11], [12]. Spaceborne pas-
sive spectral imagers, such as advanced geosynchronous radia-
tion imager, advanced Himawari imager (AHI), and moderate-
resolution imaging spectroradiometer (MODIS), can monitor
cloud evolutions on different spatiotemporal scales [13], [14].
Classical cloud detection algorithms for such instruments are
developed based on the spectral feature differences that clouds
typically exhibit a higher albedo and a lower emissivity com-
pared with underlying surfaces, allowing for cloud detection by
setting appropriate thresholds [15]. However, these methods face
challenges due to varied surface conditions, cloud types, spectral
bands, and complex threshold tests [16], [17]. For instance,
when the radiative features of the cloud and the surface are
similar, selecting the threshold becomes difficult. High albedo
surfaces, such as desert and snow, are often misclassed as clouds.
Meanwhile, the threshold applied to thick clouds can cause
thin clouds being misidentified as clear skies. In addition, the
differences in the number and center wavelength of spectral
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channels among various imagers necessitate adjustments to the
corresponding cloud detection algorithms, which also affects the
detection outcomes across different instruments [18]. Moreover,
the reliance on the albedo channel in classical algorithms makes
nighttime cloud detection unfeasible, indirectly hampering a
comprehensive understanding of cloud diurnal variations. In
comparison, spaceborne active radar systems, such as cloud
profile radar (CPR) and cloud-aerosol lidar with orthogonal
polarization (CALIOP), can penetrate cloud layers to obtain
cloud vertical structure due to their high sensitivity to cloud
droplets [19], [20], enabling contemporary algorithms to better
discriminate between cloud and noise signals and resulting in
enhanced cloud detection [21], but their narrow beamwidth
limits the spatial coverage and temporal continuity of observed
clouds. Therefore, integrating active radar with a passive imager
can leverage the strengths of both instruments, improving cloud
cover observations from space and, consequently, enhancing the
development of downstream cloud-related product.

Machine learning (ML) techniques excel at handling com-
plex nonlinear relationships between multiple variables through
data-driven approaches, providing solutions for improving the
accuracy of cloud detection for spaceborne instruments [22],
[23]. Numerous studies have leveraged the advantages of the ML
methods to develop high-precision cloud detection algorithms.
By combining both active and passive observations, these ap-
proaches can result in improved cloud detections compared with
the manual threshold test results [24], [25], [26]. For instance,
Wang et al. [27] utilized spectral observations from the visible in-
frared imaging radiometer and integrated with CALIOP feather
classification data to train two random forest (RF) models for
clouds and their phase detection. The evaluation results show a
higher accuracy compared with official products. Likewise, Li
etal. [28] developed two deep neural network models: one for the
entire day and another for daytime only by using merged cloud
products derived from CPR and CALIOP as reference labels.
These models exhibited better performance in cloud detection
compared with traditional methods.

The performance of ML-based cloud detection algorithms
typically relies on the surface conditions, selected spectral chan-
nels, the quality of training data, etc. Previous ML studies
commonly selected specific factors tailored to individual sur-
face types for training independent models [27], [29], [30] or
encoded varying numbers of surface features to develop models
applicable to vary surface types [31]. These approaches have
been demonstrated to enhance model accuracy. However, geo-
stationary satellites, such as Himawari-8, observe wide range,
experiencing significant variations in both surface type and
cloud distribution within their domains. This often induces an
imbalanced distribution of cloud and clear-sky samples, which
will cause overfitting in ML models. Models may dispropor-
tionately favor categories with a larger sample size while under-
representing those with smaller sample sizes, thereby inflating
the accuracy of dominant categories at the expense of others.
Although this issue is important, prior studies have not fully
considered such imbalances. Consequently, addressing uneven
cloud cover distribution, as well as reconciling the relationship
between this imbalance and surface-type representation, are
critical questions.
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In addition to these challenges, observation parallax between
different instruments is also important [32], [33]. The zenith
angle of geostationary satellites varies significantly. Bielifiski
[34] demonstrates that this could lead to significant discrep-
ancies in cloud top detections from different instruments over
high-latitude regions, where far from the subsatellite point of
geostationary satellite. This issue can lead to mislabeled pixels,
especially at cloud edges, and introduce substantial noise that af-
fects the stability and accuracy of the trained models. Moreover,
the efficacy of an ML algorithm is contingent upon its alignment
with specific problems and data [35]. Many previous studies
manually select multiple ML models and iteratively identify the
best hyperparameter combination based on the empirical values
[22], [31]. This process, constrained by human experience, may
result in suboptimal selection of models, leading to compromise
in capturing the importance of each feature. The development
of automatic machine learning (AutoML) techniques offers new
possibilities for more objective model training and hyperparam-
eter optimization.

In this study, an objective and efficient AutoML framework
[36] is adopted to develop the cloud detection algorithm for
the AHI onboard Himawari-8 [37], [38]. To elucidate the rela-
tionship between cloud cover variations and surface type mode
selection, resampling techniques, model weights modification,
and output threshold adjustment of the model mapping function
are employed to ensure balanced cloud and clear-sky pixels’
detections over various surfaces. In addition, cooperative game
theory is applied to calculate the marginal contribution value
of each detection factor for each sample, and these results
are statistically analyzed to enhance the interpretability of the
detection factors.

The rest of this article is organized as follows. Section II in-
troduces the construction of the datasets and the cloud detection
algorithms. In Section III, the influence of cloud cover on model
outcomes is quantitatively evaluated. The results between the
optimization model and AHI official cloud mask are compared
by some cases and long-time data. In Section IV, the influence
of parallax on algorithm training, the threshold selection of
reference factors and vector angle, and different cloud cover
balance schemes are discussed. Finally, Section V concludes
this article.

II. DATA AND METHODS

Fig. 1 illustrates the fundamental steps involved in con-
structing a cloud detection algorithm for AHI using AutoML.
The process encompasses data matching, data preprocessing,
model training, and outputs. This section provides a detailed
account of the model’s development, including the multisource
satellite data and their matching methods, as well as the em-
ployed preprocessing techniques, such as the strong collinearity
elimination method and surface type characterization modes.
In addition, we outline the advantages of the AutoML frame-
work and specify the parameter settings used during training.
Finally, we describe the calculation of marginal contribution
values for the detection factors and the evaluation metrics for the
model.
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Fig. 1.  Flowchart of AHI cloud detection algorithm construction.

A. Passive and Active Satellite Observations

The AHI with 16 bands covers a broad spectrum of wave-
lengths ranging from 0.46 to 13.3 ym onboard Himawari-8§,
which is a geostationary meteorological satellite launched on
7 October 2014 and currently positioned at 140.7°E [39]. The
full disk scan of AHI has a temporal resolution of 10 min and
a spatial resolution ranging from 0.5 to 2 km, allowing for
the detection and tracking of rapid weather phenomena [26],
[40], [41]. In this study, the level 1 grid full disk data with a
spatial resolution of 0.05° x 0.05° and a temporal resolution of
10 min from the Japan Aerospace Exploration Agency Himawari
Monitor (P-Tree) system spanning over 2016-2017 is utilized.
The official cloud mask data are from the level 2 cloud products,
including cloud, probably cloud, clear sky, and probably clear
sky [16], [17], that are employed to compare our algorithm’s
results. For the evaluation, these data are grouped into two
scenarios: “official-1,” where cloud and probably cloud are
classified as cloud, while the remaining two are classified as
clear sky, and “official-2,” where only the confident cloud level
is classified as cloud.

CALIOP is a dual-wavelength orthogonal polarization lidar
onboard the cloud-aerosol lidar and infrared pathfinder satellite
observations (CALIPSOs) [42]. It has high sensitivity to cloud
droplet particles, enabling the accurate identification of cloud
tops and a relatively complete depiction of the cloud’s vertical
structure, especially for thin clouds. Thus, CALIPSO data are
selected to label the AHI observations and compare the results
with AHI official products. The collected CALIOP level 2 cloud
layer product during 2016-2017 is utilized, with a horizontal
resolution of 1 km and the maximum vertical profile consists of
ten layers to determine the presence of clouds or clear sky at
a specific position. In detail, layers with at least one identified
cloud are marked as cloudy, while those with no cloud layer are
labeled as clear sky.

We incorporate MODIS annual International Geosphere—
Biosphere Programmer (IGBP) global land cover (LC) type
data, which implement the IGBP global vegetation classification
scheme and encompass 16 distinct LC types and can differentiate
between various surface conditions. However, more surface
classification may lead to overly complex trained models. In
addition, the absorption and emission characteristics of some
surfaces are similar. For example, cropland and vegetation have
almost the same reflection and emission features (see Figs. 2
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Fig. 2. LCs (a) before and (b) after simplification in the study area.
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Fig. 3. Schematic diagram of CALIOP and AHI data matching process.

The background color represents different AHI BT observation values. The
scatters represent the CALIPSO nadir points, the blue scatters represent the
cloudy profiles, and the gray scatters represent the clear-sky profiles. The dotted
rectangular frame highlights the AHI observation pixels.

and 3 in [27]). Therefore, to effectively represent surface con-
ditions and streamline the model’s complexity, the land type
simplification method proposed by Wang et al. [27] is adopted
to convert the original 16 LCs into five broader categories (refer
to Fig. 2).

B. Data Training, Validating, and Testing

Simultaneous colocated data from active and passive satellite
observations are selected to construct the training and validation
datasets. The observing time difference between CALIOP and
AHI mustbe less than 5 min. Since the resolution of the CALIOP
(1 km) is higher than that of the AHI data (approximately 5 km),
the CALIOP data are aligned with the AHI pixels, as shown
in Fig. 3. When CALIPSO passes through the observation field
of Himawari-8, the larger AHI pixel serves as a reference area
(dashed rectangle). CALIOP nadir points indicating clear sky
(blue dots) or clouds (gray dots) are selected as training or
validation samples, while mixed observations shown in black
rectangle are excluded. The AHI official product does not
provide nighttime cloud top height (CTH) product. Thus, the
CALIOP and AHI observations are matched first according to
the way mentioned above, and the averaged CTH from CALIOP
within these matched AHI pixelsis used as areference in the 9x9
grid area centered on the matched AHI pixels. Then, parallax
correction on these pixels is performed to rematch the corrected
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pixels [32], [33], [34]. Here, the range of 9 x 9 is obtained by
multiple matching experiments, which can maintain the small
change of the sample size before and after the parallax correction
and maximize the regional representativeness of CALIOP CTH
data. It should be noted that this parameter is a statistical result
and does not have practical physical significance.

To enable our algorithm to effectively perform in both day
and night, we select ten AHI infrared brightness temperature
observation channels (BT07-BT16) and their differences (e.g.,
BTDO0708 represents the difference between BT07 and BTOS)
as potential detection factors. Prior to training, collinearity
analyses are conducted to understand the relationships among
these potential actors. Specifically, all potential detection factors
are standardized, and the six factors, which have the highest
correlation with the training labels, are selected as the reference
basis. Then, the standardized potential factors are treated as
vectors and the vector angles between the remaining factors and
the six reference factors are calculated. Any remaining factor
with a vector angle greater than 160° or less than 20°, which is
identified as optimal through the performance tests, is consid-
ered strongly collinear with the references and is eliminated. It is
noted that each reference factor removes strong collinear factors
in order of decreasing correlation. Factors eliminated by a highly
correlated reference factor are not reconsidered in subsequent
steps. Through this process, the remaining factors are used as
the primary detection factors for training the models.

In addition, auxiliary detection factors, such as LC, satellite
azimuth angle (SAA), solar zenith angle (SOZ), solar azimuth
angle (SOA), time, latitude, and longitude, are included to
account for the sun’s position and Himawari-8s orientation. For
LC, it can be directly input into the model as a predictor or used
to train the model separately for each LC. Here, three coding
methods are used for the former:

1) integer coding denoted as LC1, which maps each LC to a

unique integer;

2) one-hot coding (LC2) [43], [44], which converts each LC
into a binary vector with 1 at the corresponding position
and O elsewhere;

3) frequency coding (LC3), which replaces each LC with its
overall frequency in the dataset.

Training models separately for different LCs are denoted as

LC4, with specific models, such as LC4-ocean for the ocean.

Through the above accurate data matching and reasonable fea-
ture selection processes, the samples after the 7th of each month
in 2017 are used to form the dataset for model training, while
those before the 7th are selected to validate performance. The
training set includes 5 008 940 samples (3 542 711 cloudy), and
the validation set includes 1 317 860 samples (943 531 cloudy).
To further test the generalization of our optimal algorithms, we
selected CALIOP and AHI data from January, April, July, and
October 2016 to represent seasonal variations as the test dataset.

C. Three Processes for Cloud Cover Data Balance

The terrain in the field of view of Himawari-8 is complex,
with significant spatial-temporal variations in water vapor trans-
port and other meteorological conditions, leading to substantial
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differences in cloud occurrence. As a result, the ratio of clear
sky to cloud samples size in the training set is imbalanced,
approximately 1:3 in our study. To balance the sample size, the
construction of AutoML cloud detection model is intervened in
three processes separately:

1) data preprocessing (downsampling scheme and oversam-

pling scheme);

2) model training (weight scheme);

3) model output (threshold scheme).

In data preprocessing, downsampling is used to randomly re-
move a portion of cloud samples, while oversampling is applied
to randomly duplicate clear samples [45], [46]. It is important
to note that the resampling process is entirely random. During
model training, higher weights are assigned to clear-sky samples
to increase model attention to this kind of sample [47], [48]. In
the model output phase, the thresholds of the mapping function
are adjusted to improve clear-sky detection and reduce false
positives [49], [50].

D. AutoML Model Construction and Interpretability

To avoid suboptimal models from manual selection and em-
pirical hyperparameters, we use Flaml, a lightweight Python
AutoML library to optimize model performance through adap-
tive search strategies by considering learner selection, hyper-
parameters, training data size, resampling costs, and errors
[39]. Compared with other AutoML frameworks, Flaml offers a
lightweight design, low memory usage, and high accuracy [36],
[38], showing competitiveness with human-tuned models in
various tasks [38], [51]. The Flaml learner list includes three al-
gorithms: RF, XGBoost, and a highly efficient gradient boosting
decision tree (LightGBM). RF is an ensemble algorithm that uses
decision trees as base learners, training multiple trees through
random sampling and combining their results [52]. While both
XGBoost and LightGBM are gradient boosting models that
iteratively train decision trees, with each model correcting the
errors of the previous ones to improve prediction accuracy [53],
[54]. The optimal model can be achieved by setting a training
time budget and using the early stopping option, which is set
to 300 s in this study. In addition, the weighted scheme is
implemented by specifying a class weight ratio for the model
during training, which is based on the actual sample sizes of the
two classes in the training set.

We also introduce a posteriori method—SHapley Additive
exPlanations (SHAP) [55], [56]—to complement the feather
importance score’s role in actual classification. SHAP values are
calculated using cooperative game theory to explain the impact
of different detection factors on the final results. For instance, a
sample is predicted as a cloud pixel by three detection factors
(e.g., A, B, and C) in a trained model. The contribution of these
factors can be translated into calculating the SHAP values, with
the calculation process being as follows. First, the benchmark
output probability of cloud pixels is calculated without any
feature input based on training dataset. Each feature factor is
then input separately, and the change in cloud pixel probability
is determined compared with benchmark output probability,
representing the SHAP value of each feature. A SHAP value
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TABLE I
CONFUSION MATRIX
AutoML&AHI AutoML&AHI
(clear sky) (cloudy sky)
CALIOP
(clear sky) ™ FP
CALIOP
(cloudy sky) FN b

of 0.4 for feature A indicates that a one-unit increase in A
raises the probability of predicting cloud pixels by 0.4 units.
From multiple cases of statistical analysis, it can be determined
whether a detection factor’s prediction result is more inclined
toward clear-sky or cloud pixels at a specific threshold. This
combined analysis with the feature importance scores is detailed,
as described in Section III.

E. AutoML Model Performance Evaluation Metrics

The detection accuracy of both cloud pixels and clear-sky
pixels is equally important for model performance. Ideally,
the algorithm should predict cloud and clear-sky pixels with
consistent accuracy, resulting in high overall accuracy. In other
words, the algorithm should be unbiased. Therefore, we define
some evaluation metrics based on the confusion matrix (see
Table I) to evaluate the performance of each model.

Among the metrics, true positives (TPs) are the pixels clas-
sified as clouds by both AutoML/AHI and CALIOP, and true
negatives (TNs) are the pixels classified as clear by both. False
negatives (FNs) occur when AutoML/AHI classifies a pixel as
clear but CALIOP detects it as cloudy, while false positives
(FPs) occur when AutoML/AHI classifies a pixel as cloudy
but CALIOP classifies it as clear. The true positive rate (TPR)
measures the proportion of correctly detected cloudy pixels, and
the true negative rate (TNR) measures the proportion of correctly
detected clear pixels. These two metrics directly characterize the
prediction accuracy of cloud and clear-sky pixels. Conversely,
the false positive rate (FPR) and false negative rate (FNR),
which can be calculated by 1-TNR or 1-TPR, respectively,
measure the proportions of clear pixels misidentified as cloudy
and cloudy pixels misidentified as clear. The deviation rate (DR)
is the absolute difference between TPR and TNR, indicating
the detection bias of the models regarding cloud and clear-sky
pixels. A lower DR means less bias. The true skill statistic (TSS)
ranges from —1 to 1, with higher values indicating better overall
detection performance

TPR = TP%N (1)
FNR = 1 — TPR )
TNR = TN%IW 3)
FPR =1-TNR “4)

DR = ABS (TPR — TNR) (5)
TSS = TPR — FPR. (6)
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Fig. 4. TPR, TNR, FPR, and FNR are calculated to compare the detection
results of AutoML without sample balance processing with those of AutoML
enhanced by resampling, weight, and threshold methods, as well as the detection
results of official products.

III. RESULTS

In this section, the performance of the models constructed
through the above processes is systematically evaluated by
comparing the cloud detection results with CALIOP and AHI
official cloud mask products.

A. Evaluation of Model Detection Bias on Cloud and
Clear-Sky Pixels

The unbiasedness of model cloud detection results is crucial
for the accurate cloud cover quantification. To demonstrate our
improved model performance, we evaluate the results using
both the AHI official cloud mask and the unprocessed AutoML
outcomes (with no cloud cover balance treatment) cloud mask
is conducted to explicit improved model performance. The LC1
scheme is used as an example to illustrate the distinctions and
improvements in the model. This comparison can show the effec-
tiveness of the AutoML adjustments in enhancing cloud detec-
tion accuracy and reducing biases in cloud cover quantification.

Fig. 4 displays the TPR, TNR, FPR, FNR, and DR
for AutoML-unprocessed-LC1, AutoML-downsample-LCI,
AutoML-oversample-LC1, AutoML-weight-LC1, AutoML-
threshold-LC1, official-1, and official-2 cloud mask on the
validation set. The proximity of the mark to the black dot-
ted line indicates a smaller deviation in detecting cloud and
clear-sky pixels. Compared with CALIOP, the TPR of AutoML-
unprocessed-LC1 is greater than TNR, and the FPR is greater
than FNR, indicating that the cloud pixels are overestimated
at the expense of clear-sky pixels. As previously mentioned,
this result is due to the difference in the number of cloud and
clear-sky samples in the training set because, in the Himawari-8
observation area, most of the areas are oceans, and the cloud
cover over the ocean is large that results in an imbalance in the
actual class sample size. The overestimation observed in official-
1 cloud mask is more pronounced. Compared with CALIOP,
the TPR of official-1 exceeds 97%, meaning that almost all
cloud pixels can be detected. However, the TNR is small, and
the FPR is more than 20%, indicating that the identified cloud
pixels contain a considerable number of misdetected clear-sky
pixels, and therefore are the farthest from the black dotted line.
Official-2 is almost the opposite scenario, with a TPR of only
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TABLE IT TABLE III
QUANTITATIVE ANALYSIS OF CLOUD DETECTION RESULTS USING DIFFERENT EVALUATION OF CLOUD DETECTION RESULTS ON DIFFERENT LCS USING
CLOUD COVER BALANCE METHODS ON VALIDATION SET VALIDATION SETS
TSS TPR TNR DR TSS TPR TNR DR
unprocessed 86.04% 96.03% 90.01% 6.02% 87.01% 93.73% 93.28% 0.44%
87.24% 93.96% 93.28% 0.68%
undersample 87.04% 93.56% 93.48% 0.08% ’ ’ ’ ’
(87.03%) | (93.85%) | (93.18%) (0.67%)
oversample 86.95% 93.54% 93.41% 0.13% All
(87.32%) | (94.06%) | (93.27%) (0.79%)
weight 87.07% 93.55% 93.52% 0.03%
73.60% 97.04% 76.56% 20.48%
threshold 87.01% 93.73% 93.28% 0.44% 28.63% $2.81% 95.83% 13.02%
Official-1 73.60% 97.04% 76.56% 20.48% 85.94% 94.14% 91.79% 2.35%
Official-2 78.63% 82.81% 95.83% 13.02% Ocean 86.15% 94.37% 91.78% 2.60%
(85.96%) | (94.28%) | (91.68%) (2.60%)
. . . (86.48%) | (94.07%) | (92.41%) (1.65%)
82%, while the TNR is more than 95%, but with a value of the
. L 69.899 98.40° 71.49° 26.91Y
TSS larger than that of official-1. This implies that the probably /“ % v "
cloudy level of the official product contains fewer real cloud 80.67% 85.60% 95.07% 9.47%
pixels than real clear-sky pixels inside. 87.00% 94.77% 92.23% 2.55%
In Fig. 4(a), all the cloud detection algorithms based on 87.40% 04.92% 92.48% 2.44%
AutoML have lower DR. Quantitative values are provided in 8692%) | (0457%) | (9235%) (2.22%)
Table II. AutoML-downsample-LC1, AutoML-oversample- Forest
. 87.52% 94.53% 93.00% 1.53%
LC1, AutoML-weight-L.C1, and AutoML-threshold-LC1 show 67.32%) (04.33%) (63.00%9) (.33%
lower DR than AutoML-unprocessed-LC1. It can be seen that 67.43% 91.42% 76.01% 15.41%
this low DR is at the expense of reducing TPR to increase 67.17% 72.55% 94.62% 22.07%
TNR. The results of the equilibrium process reduce the FPR 87.95% 89.20% 08.75% 0.54%
but also reduce the TPR. However, the TSS of the model with 55,947 v0d1% 95,537 512%
. . . . . . . 0 . d . 0 . g
enhanced detection bias increases by about 1%, indicating that
. . 87.63% 89.08% 98.55% 9.48%
these synchronous reductions improve the performance of the Shrub- { ) | ¢ ) | ¢ ) O45%)
. s . land
algorithms. In addition, we can see that the cloud detection mod- (90.98%) (93.31%) (97.67%) (4.36%)
els constructed by the three different cloud cover equalization 89.96% 92.41% 97.55% 5.14%
schemes have smaller DR and larger TSS, which effectively 59.23% 59.74% 99.50% 29.76%
1 he interferen f the uneven ry in the trainin
solves the interfere ce 0 the uneve .cate.go y t e tra ling 26.44% oL53% 0401% 2 38%
samples on the results (in the supporting information section,
. . 86.61% 91.73% 94.88% 3.15%
we also provide the evaluation results of LC2, LC3, and LC4 ’ i i i
schemes, which lead to similar conclusions), but in fact, some of Grass- (86.59%) (91.81%) (94.78%) (2.98%)
them have potential problems. In Section IV, we further discuss land (87.51%) | (93.97%) | (93.53%) (0.44%)
the influence of these three schemes on our algorithm in detail. In 73.45% 89.58% 83.87% 571%
the later part, in order to 51mphfy‘tlile :?malysm process, we choose §8.14% 71.69% 96.46% 277
the threshold scheme as the equilibrium scheme of cloud cover
. 88.11% 91.86% 96.25% 4.39%
difference to further evaluate the performance of the model. The
specific reason is given in Section I'V. 88.81% 92.12% 96.70% 4.38%
Crop- (87.76%) | (O141%) | (9635%) 4.94%)
B. Cloud Detection Under Different Surface Types fand 1 s9550) | o461%) | 94.97% | 036%)
We evaluate the performance of the AutoML models based 82.43% 93.49% 88.94% 4.54%
on the threshold scheme and two surface-type characterization 72.72% 73.89% 98.83% 24.94%
methods in the whole field of view of the Himawari-8 and the lo- 83.76% 87.76% 96.00% 8.24%
f:al syrface through quantitative and represer}tanve case analysis $3.86% $7.86% 96.00% 8 14%
in this part. The outcomes from the models, including AutoML-
(84.47%) | (88.53%) | (95.94%) (7.41%)
threshold-LC1, AutoML-threshold-LC2, AutoML-threshold- Barren
LC3, and AutoML-threshold-LC4, are compared first. In the (86.81%) | (92.25%) | (94.55%) (2.30%)
evaluation of the whole region of Himawari-8, LC1, LC2, LC3, 78.37% 92.53% 85.84% 6.68%
and LC4 modes exhibit similar values for TPR, TNR, and 58.15% 60.50% 97.65% 37.16%
TSS’ t[‘eating ClOud and Clear-sky pixels equally_ The Speciﬁc Statistics are denoted as follows: Normal (AutoML-threshold-LC1), italicized

. . . . (AutoML-threshold-LC2), bracketed normal (AutoML-threshold-LC3), bracketed italicized
quantitative results are shown in Table III. Numerically, the TSS (AutoML-threshold-LC4), bolded (official-1), and bolded italicized (official-2).
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Fig. 5. TPR, FPR, and DR of different AutoML algorithms on different LCs
in the validation set. The subgraphs (a)—(f) correspond to LCs of ocean, forest,
shrubland, grassland, farmland, and barren, respectively.

of the models exceed 87%, with individual accuracies for cloud
and clear-sky predictions surpassing 93%, and DR consistently
below 1%. Compared with official-1’s TSS (73.60%) and DR
(20.48%), the overall TSS of the models has improved by nearly
15%, while DR has decreased by approximately 20%.

Among AutoML-threshold-LC1, AutoML-threshold-LC2,
and AutoML-threshold-LC3, AutoML-threshold-LC2 exhibits
better overall performance (higher TSS), indicating that one-
hot encoding better captures differences between categorical
features. However, the models demonstrate different detection
accuracies for different LCs. In Fig. 5(a) and (b), TSS and
DR values for LC1, LC2, LC3, and LC4 modes are relatively
consistent. LC4 is slightly better because it takes into account the
changes in different LCs and selects different detection factors.
However, official-1 results show that cloud pixels over oceans
and forests are significantly overestimated, resulting in smaller
TSS values and larger DR values. Official-2 shows the opposite
result, where clear-sky pixels are significantly overestimated,
but the TSS values are about 10% larger and the DR is better
compared with Official-1. This means that, over the ocean, the
cloud detection results of official-2 are much more practical.
Over other LCs, each scheme shows results different from the
overall assessment. In Fig. 5(c)—(f), it can be seen that LC1, LC2,
and LC3 significantly deviate from the black dashed line than
LC4, showing overestimations of clear-sky pixels. Even over
shrubland, the TSS of the former three is lower than the official-1
results, mainly because using LC types as detection factors
in the model does not allow modifying the output mapping
function for different LCs. Due to the large area of the ocean and
forest, with higher cloud cover overhead, the overall number of
cloud pixels exceeds clear-sky pixels. Modifying the mapping
function does not significantly impact these regions but leads
to an overestimation of clear-sky pixels in other regions with
lower cloud cover. Hence, the observed deviations are shown in
Fig. 5(c)—(f). LC4 allows for the modification of output threshold
values based on the actual cloud cover over different LC types.
Thus, in Fig. 5, LC4 aligns most closely with the black dashed

6223

(a) True color image (OML-threshold-LC4

Cloudy sky

Increased

o5 - i
180°160°E 170°E 180°160°F. 170°E

P Q=
160°E 170°E

Fig.6. Comparison of AHI operational cloud mask products and our algorithm
results at 2050 UTC on 20 June 2017. (a) AHI true-color image. (b) Official-1
cloud mask. (c) Official-2 cloud mask. (d) AutoML-unprocessed-LC2 cloud
mask. (e) AutoML-threshold-LC2 cloud mask. (f) AutoML-unprocessed-LC4
cloud mask. (g) AutoML-threshold-LC4 cloud mask. (h) AutoML-threshold-
LC4 cloud mask minus official-1 cloud mask. (i) AutoML-threshold-LC4 cloud
mask minus official-2 cloud mask. The terms “increased,” “decreased,” and
“consistent” are used to describe the differences in cloud and clear-sky pixels
detection: “Increased” represents cloud pixels identified by the former algorithm
but missed by the latter, “decreased” indicates cloud pixels detected by the latter
algorithm but not by the former, and “consistent” denotes cases where both
algorithms produce identical results.

line. In addition, Table III also lists TSS values for LC4 that
surpass both official results and other AutoML algorithms, with
DR consistently lower than official results and some AutoML
models. If we just focus on the official results, we can see that,
on land, official-2 has a lower TSS and a larger DR compared
with official-1. This means that over land (except for the forest),
official-1 has better utility for cloud detection results.

To gain a detailed understanding of the various cloud detection
models, we selected three examples for qualitative analysis, rep-
resenting an all-ocean area, a land—sea intersection, and a barren
region, respectively. Fig. 6 presents a case from 20 June 2017,
at UTC 2050, situated entirely over the ocean. Fig. 6(a) shows
a true-color image synthesized from the AHI visible channel
with enhanced contrast and brightness, which reveals the true
distribution of clouds and clear skies. Fig. 6(b) and (c) displays
the official-1 and official-2 cloud mask. The cloud mask using
AutoML-unprocessed-L.C2, AutoML-threshold-LC2, AutoML-
unprocessed-LC4, and AutoML-threshold-LC4 is shown in
Fig. 6(d)—(g). To highlight differences in detail, Fig. 6(h)-(i)
depicts the subtraction of the AutoML model cloud mask (LC4
scheme) from the official-1 cloud mask. Overall, compared with
Fig. 6(c), the AutoML results exhibit a lower missed detection.
The false detection [refer to the “Decreased” part in Fig. 6(i)]
of AutoML is lower compared with Fig. 6(b). The results after
balancing processing are also more consistent with the actual
distribution in the true-color image, as evident from the changes
in Fig. 6(f) and (g). In Fig. 6(f), considering only ocean, the
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Fig.7. Comparison of AHI operational cloud mask products and our algorithm
results at 05:50 UTC on 20 January 2017. (a) AHI true-color image. (b) Official-1
cloud mask. (c¢) Official-2 cloud mask. (d) AutoML-unprocessed-LC2 cloud
mask. (e) AutoML-threshold-LC2 cloud mask. (f) AutoML-unprocessed-LC4
cloud mask. (g) AutoML-threshold-LC4 cloud mask. (h) AutoML-threshold-
LC4 cloud mask minus official-1 cloud mask. (i) AutoML-threshold-L.C4 cloud
mask minus official-2 cloud mask. The terms “increased,” “decreased,” and
“consistent” are used to describe the differences in cloud and clear-sky pixels
detection: “Increased” represents cloud pixels identified by the former algorithm
but missed by the latter, “decreased” indicates cloud pixels detected by the latter
algorithm but not by the former, and “consistent” denotes cases where both
algorithms produce identical results.

overestimation of cloud pixels is more severe than in Fig. 6(d)
because the proportion of cloud samples to clear-sky samples
exceeds three times. This also reflects the importance of bal-
ance processing. Therefore, the algorithms with modified output
threshold significantly reduce the proportion of clear-sky mis-
takenly detected as clouds, with only a partial misclassification
of clouds as clear sky, which is acceptable.

Fig. 7 presents a case from 20 January 2017, at UTC 05:50,
with dominant surface types of shrubland, barren, grassland, and
surrounding ocean. Taking Fig. 7(f) as the reference, Fig. 7(b)
tends to overestimate clouds, notably misidentifying the land
edge as clouds in the southwest of Australia [refer to the “de-
creased” part in Fig. 7(h)]. Fig. 7(c) shows a clear underestima-
tion of cloud in the western ocean, southern ocean, and central
part of the continent, compared with the true-color image. If
Fig. 7(g) is considered as the reference, the overestimation [refer
to the “decreased” part in Fig. 7(i)] in Fig. 7(b) and underestima-
tion in Fig. 7(c) become more pronounced over the Australian
continent and surrounding ocean. The results for oceanic re-
gions in Fig. 7(d)—(g) are relatively consistent, but within the
continent, Fig. 7(d) and (e) exhibits an underestimation of cloud
pixels. This is consistent with the previous evaluation results.
Overall, Fig. 7(g) avoids overestimating clouds over the ocean
while retaining a higher similarity to the true-color image in the
presence of genuine cloud pixels over land.

Fig. 8 provides a cloud mask case entirely over barren on
28 April 2017, at 05:00 UTC. Fig. 8(b) and (c) shows an
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Fig.8. Comparison of AHI operational cloud mask products and our algorithm
results at 05:00 UTC on 28 April 2017. (a) AHI true-color image. (b) Official-1
cloud mask. (c¢) Official-2 cloud mask. (d) AutoML-unprocessed-LC2 cloud
mask. () AutoML-threshold-LC2 cloud mask. (f) AutoML-unprocessed-LC4
cloud mask. (g) AutoML-threshold-LC4 cloud mask. (h) AutoML-threshold-
LC4 cloud mask minus official-1 cloud mask. (i) AutoML-threshold-L.C4 cloud
mask minus official-2 cloud mask. The terms “increased,” “decreased,” and
“consistent” are used to describe the differences in cloud and clear-sky pixels
detection: “Increased” represents cloud pixels identified by the former algorithm
but missed by the latter, “decreased” indicates cloud pixels detected by the latter
algorithm but not by the former, and “consistent” denotes cases where both
algorithms produce identical results.

overestimation and underestimation of clouds [refer to Fig. 8(a)],
respectively. The algorithm under the LC2 scheme exhibits
considerable underestimation both before and after processing,
compared with the true-color image. The underestimation in
Fig. 8(d) is mainly due to the less adaptability of the detection
factors selected for the entire region to the barren, resulting in
lower detection accuracy. Fig. 8(e) is due to further underestima-
tion of cloud detection results in Fig. 8(d) caused by modifying
the output threshold for the entire region, and the cloud cover
in this area is less than the result in Fig. 8(c). In comparison,
the algorithm under the LC4 scheme fits more closely to the
true-color image.

C. Interpretability of AutoML Models

Here, we further explain the cloud detection model of LC2 and
LC4 modes. The top-ranking importance scores for AutoML-
threshold-LC2 and AutoML-threshold-LC4 are shown in Fig. 9.
In the AutoML-threshold-LC2 model, BTD1516 is identified as
the most important detection factor. The importance score of LC
(ocean in Fig. 9) is also ranked in the top five, indicating that
surface properties play a significant indicative role. In AutoML-
threshold-LC4-ocean, BTD1516 continues to be the most im-
portant feature, accounting for an even higher proportion. This
suggests that when surface properties are consistent and the
surface area is large, it greatly influences the detection factor
in the entire regional model. To explain the significance of the
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tance values in the AutoML algorithms based on the LC2 and LC4 modes.
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Fig. 10.  Interpretation of the AutoML-threshold-LC4-ocean algorithm based
on the SHAP values using an example at 01:10 UTC on 11 January 2017. (a)
SHAP values of BTD1516 in the training set and AHI observations of BTD1516.
(b) AHI true-color map. (c) AutoML-threshold-LC4-ocean algorithm detection
results. (d) Threshold-based BTD1516 detection results. (e) Detection results
of AutoML-threshold-LC4-ocean algorithm subtract the detection results of
BTD1516 based on the threshold. (f) Detection results of AutoML-threshold-
LC4-ocean algorithm subtract the detection results of BTD1516 and BTD1416
based on threshold. The terms “increased,” “decreased,” and “consistent” in-
dicate differences in cloud and clear-sky pixel detection and have the same
definitions as those provided in Fig. 6. In (e) and (f), the TP, FP, TN, and FN
represent the evaluation results of BTD1516 and BTD1416, calculated based on
a specific threshold, using the detection results in (c) as the ground truth.

detection factors, the reliability of detection factor contribution
is validated using the SHAP framework, with a focus on the
LC4-ocean model. SHAP values are calculated for the top two
features (BTD1516 and BTD1416) in here to demonstrate their
importance.

Fig. 10(a) shows the distribution of BTD1516 SHAP values.
All data within the range of 0.1 are extracted when the BTD1516
SHAP value is equal to 0. The value of BTD1516 observed
values with a cumulative probability equal to 0.5 is then deter-
mined by the cumulative probability density, which is approx-
imately 12.5, as shown by the red dashed line in Fig. 10(a).
The AHI observation from 11 January 2017 at 01:10 is selected
to demonstrate the function of this threshold. Fig. 10(b) is the
true-color image, with the gray area representing the masked
land regions. Fig. 10(c) illustrates the cloud mask based on
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Fig. 11. Distribution of monthly averaged CF in January, April, July, and Oc-
tober 2016. (a) Average CF distribution calculated under the official-1 scenario
that only includes daytime cloud detection results. (b) Average CF distribution
calculated under the official-2 scenario that only includes daytime cloud detec-
tion results. (c) Average CF distribution calculated by AutoML-threshold-LD4
day—night cloud detection results. (d) Average CF distribution calculated after
the CALIOP cloud layer products after interpolating to the 1° x 1° grid points.

the AutoML-threshold-L.C4-ocean. Here, for comparison conve-
nience, this result is assumed to be the truth. Fig. 10(d) provides
the observation based on BTD1516, with a cloud mask obtained
using the threshold of 12.5. To visually depict the accuracy
of this threshold, Fig. 10(e) shows the results of subtracting
the real scene from the threshold detection, showing a large
number of red areas [refer to the “increased” part in Fig. 10(e)]
indicating a significant number of missed detections of cloud
pixels, especially at high latitudes. Utilizing the confusion ma-
trix, the detection accuracy in this region is roughly calculated
to be 78.28%. When incorporating the observation of BTD1416
in a similar manner, further suppression of missed detections
[refer to the “increased” part in Fig. 10(f)] and a reduction in
false detections [refer to the “decreased” part in Fig. 10(f)] are
observed, resulting in an improved accuracy of 86.30%. Similar
approaches can be applied to include different factors for further
enhanced detection accuracy. It should be noted that the internal
construction process of the algorithm can be relatively complex,
and here, a straightforward illustration of why certain factors
exhibit higher importance scores is provided. Other algorithms
can similarly showcase the role of factors visually, and further
details are not shown.

D. Evaluation of Long-Time-Series Cloud Detection Results

As the previous analysis results, the LC4 mode based on the
threshold scheme shows good performance in both local quanti-
zation and case details. In order to further explore the robustness
of the cloud detection results of the model in the whole region
of Himawari-8, Fig. 11(a)—(d) shows the monthly average cloud
frequency (CF) distribution calculated by official-1, official-2,
AutoML-threshold-LC4, and CALIOP cloud detection results in
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TABLE IV
EVALUATION OF CLOUD DETECTION RESULTS ON DIFFERENT LCs USING TEST
SETS
TSS TPR TNR DR
(85.86%) (93.06%) (92.81%) (0.25%)
January 75.03% 95.94% 79.09% 16.85%
77.19% 81.23% 95.96% 14.73%
April (86.32%) (93.63%) (92.69%) (0.94%)
72.22% 96.63% 75.29% 21.65%
76.67% 81.06% 95.62% 14.56%
(84.77%) (93.30%) (91.46%) (1.84%)
July 69.80% 98.26% 71.55% 26.71%
78.65% 84.23% 94.42% 10.19%
(87.51%) (94.16%) (93.35%) (0.81%)
October 72.70% 97.41% 75.29% 22.12%
79.27% 83.30% 95.97% 12.67%
(86.12%) (93.53%) (92.58%) (0.95%)
Total 72.50% 97.19% 75.31% 21.88%
78.00% 82.51% 95.49% 12.99%

Statistics are denoted as follows: Bracketed italicized (AutoML-threshold-LC4), bolded (official-1), and
bolded italicized (official-2).

test dataset, respectively. Here, CF is the number of cloud pixels
or cloud profiles divided by the total number of pixels or total
profiles. The CALIOP data are interpolated on a 1° x 1° grid to
facilitate the comparison. In general, official-1, official-2, and
AutoML-threshold-LC4 are roughly consistent with CALIOP
in the regional distribution of CF. However, there are still some
misclassifications in the details. For example, compared with the
monthly average CF obtained by CALIOP, the results obtained
by the official-1 data are overvalued on the CF as a whole, while
the results obtained by the official-2 data are undervalued on
the CF as a whole, which indicates that some clear sky is mis-
classified as cloudy in the probable cloud category. Compared
with the results obtained by CALIOP, the results obtained by
AutoML-threshold-LC4 are in good agreement with the results
obtained by CALIOP, both in the ocean and above the land.

To further evaluate the generalization ability of the AutoML-
threshold-LC4 cloud detection results, we compared the perfor-
mance of each algorithm on the test set against the CALIOP
cloud layer product. Table IV presents the detailed evalua-
tion metrics. The TSS values for AutoML-threshold-LC4 re-
main consistently around 86% across different months, whereas
official-1 and official-2 are both below 80%. The DR for
AutoML-threshold-LC4 is stable near 1%, while official-1 and
official-2 exceed 10%. The TPR and TNR results are consistent
with the analysis in Section III-B, with both stabilizing around
93% for AutoML-threshold-LC4. In contrast, TPR is higher
and TNR is lower for official-1, while the opposite is true for
official-2.
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IV. DISCUSSION

In this part, we discuss the influence of the parallax caused by
the stationary satellite’s fixed subsatellite point and high altitude
on the model training results, the threshold selection of reference
factor and vector angle, and further analyze the potential impact
of the three cloud balance schemes.

A. Influence of AHI Observation Parallax

Here, we compare the changes of training set sample size (V)
and model’s TSS before and after parallax correction using the
method mentioned in Section II. Fig. 12 shows the comparison
results based on the LC2 and LC4 modes. In terms of sample
size distribution, there is little difference between Fig. 12(a) and
(b), but the ratio of cloud sample size to clear-sky sample size
decreases after the revision, which indicates that some of the
real clear-sky samples in the matching results before parallax
correction are mistaken as cloud samples. This further shows
that if the steps of parallax correction are omitted, there is a
risk that the cloud pixels in the cloud detection results will be
overestimated. In the geostationary satellite observation field
with a large ocean area, this will lead to a further increase in
the detection deviation of the untreated model. Meanwhile, the
TSS of the whole region and different surfaces before and after
parallax correction are compared using the LC2 and LC4 modes.
It can be seen from Fig. 12(c) that the TSS slightly increases after
parallax correction, which indirectly reflects the improvement
by correcting the observation parallax.

B. Thresholds of Reference Factors and Vector Angle

The six selected detection factors as reference factors to elim-
inate strong collinearity are selected as a compromise method.
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Fig. 13.  Selection basis of the number of reference factors. Where (a) com-

pares the number of strong collinear factors removed under different numbers
of reference factors. Different color broken lines represent different datasets,
and the red dotted line marks the number of strong collinear factors eliminated
in different datasets when the number of reference factors is 6. Where (b) and
(c) compare the feature importance scores before (b) and after (c) treatment of
strong collinear factors based on LC4-barren.

These factors are selected based on their correlation with labels
in the training dataset. As shown in Fig. 13(a), the number of
strong collinear factors eliminated by only one reference factor
is limited. In other words, fewer reference factors cannot com-
pletely eliminate strong collinear factors. As the reference factor
increases, the number of strong collinear factors removed in-
creases and tends to remain unchanged. The six reference factors
are relatively eclectic choices. Fewer than six reference factors
yield limited removals of collinear factors, while factors more
than six do not significantly improve the results. In addition,
selecting 6 reference factors can retain about 30 detection factors
(the total detection factors of each dataset are 62, except for 63
in the whole surface), which can significantly reduce the model
complexity when all factors are trained together and enhance
model’s interpretability. Fig. 13(b) and (c) compares feature
importance scores before and after removing strong collinear
factors in the barren dataset. Before the strong collinear factors
are removed [see Fig. 13(b)], BTD1216 plays a very important
role in the cloud detection, while the importance of subsequent
features drops sharply. The cumulative importance score of
the top seven features exceeds 0.7, which means that the total
contribution of the remaining 55 features is less than 0.3. It shows
that the model may have a serious overfitting phenomenon.
After eliminating the strong collinear factor [see Fig. 13(c)], the
importance score of BTD1216 in the model decreased, while the
importance score of the other factors increased. The cumulative
importance score is roughly the same as that of the previous case
without eliminating the strong collinear factor, but the remain-
ing 20 feature contributions after elimination are close to 0.3.
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TABLE V
ACCURACY OF THE MODEL AND THE NUMBER OF DETECTION FACTORS OF
DIFFERENT DATASETS UNDER DIFFERENT VECTOR ANGLE THRESHOLD

INTERVALS
30,150 20,160 10,170

All (93.78%, 23) (94.17%, 40) (94.16%, 49)
Ocean (93.91%, 20) (94.14%, 30) (94.26%, 49)
Forest (95.00%, 22) (95.20%, 42) (95.17%, 52)
Shrubland (96.32%, 20) (96.29%, 27) (96.30%, 50)
Cropland (93.75%, 22) (93.83%, 29) (93.96%, 54)
Grassland (94.51%, 22) (94.77%, 35) (94.92%, 49)
Barren (93.57%, 19) (94.02%, 27) (94.03%, 54)

Value without brackets represents the interval value of the vector angle threshold test. In the bracket, the
number with a percentile is the accuracy, and the number without is the number of detection factors.

Obviously, this simplification enhances model interpretability
and highlights the importance of addressing strong collinearity.
In addition, the first seven factors changed significantly before
and after elimination. This reflects the importance of eliminating
strong collinear factors from the side.

Regarding the threshold of vector angle, we chose several
sets of parameters and tested them in combination with the
model complexity and model accuracy. We select three threshold
intervals: (10, 170), (20, 160), and (30, 150). We calculated the
model accuracy after removing strong collinear factors using
these thresholds, as shown in Table V. A broad range of threshold
allows for more recognition factors but does not guarantee
higher accuracy across different datasets. On the contrary, a
stricter threshold results in fewer recognition factors, with most
datasets showing lower accuracy than those with the other two
intervals. Consequently, the (20, 160) interval is the optimal
balance between the number of detection factors and the model
accuracy.

C. Differences in the Three Processes of Cloud Cover Data
Balance

Although the bias of cloud detection can be improved from
different perspectives, some of these schemes have potential
adverse effects. It should be noted that the downsampling and
oversampling schemes may change the distribution of the origi-
nal samples. As shown in Fig. 14(al) and (a2), after the training
set samples are processed by oversampling schemes, the median
and average values of BTO7 to BT16 are increased, and the SAA,
SOZ, and SOA have also changed compared with the original
dataset. Only the Lat and Lon information is consistently dis-
tributed before and after resampling. The downsampling scheme
demonstrated similar results [see Fig. 14(bl) and (b2)]. This
means that the models deviation improvement of this perspective
may lead to the lack of some useful information, which, in
turn, affects the subsequent learning process, especially in the
relatively complex model construction. In addition, previous
studies have found that the intervention of the model training
process by the weight scheme will increase the complexity of
the training, resulting in poor stability [57], [58], [59]. While
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Fig. 14.  Comparison of the data distribution before and after resampling in
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due to the small difference between the number of cloud and
clear-sky samples, this does not appear in our algorithm, and the
DR of the models based on this method is low. In comparison,
the threshold scheme modifies the output mapping function
without destroying the distribution of the original data and the
structure of the model itself after completing the model training.
Meanwhile, the threshold can be adjusted according to the actual
needs. For example, if a higher TPR is required, a lower output
threshold can be selected, and if a larger TNR is required, a
larger output threshold can be selected. In addition, this method
can also be used to obtain cloud detection results with different
confidence levels similar to the traditional algorithms, which
only need to adjust the threshold to different levels.

V. CONCLUSION

In this study, we develop an unbiased, high-precision cloud
detection algorithm for AHI using AutoML by integrating par-
allax correction, a vector angle-based collinearity factor se-
lection, and three model deviation processing schemes. The
algorithm is refined through a comparative analysis of cloud
cover differences and surface characterization modes. Our eval-
uation results indicate that parallax correction can prevent the
misidentification of clear-sky pixels as cloud pixels. The vec-
tor angle-based colinear factor selection effectively eliminates
strong collinearity, enhancing model interpretability. By incor-
porating the marginal contribution value of the detection factor,
we provide a novel model interpretation approach from the
traditional threshold perspective. In addition, quantitative evalu-
ations reveal that these deviation processing schemes effectively
address class imbalance caused by cloud cover differences in
the Himawari-8 field. The processed AutoML models exhibit a
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5% reduction in DR and a 1% increase in TSS compared with
the untreated models. However, we noted that the resampling
scheme can unintentionally alter the original data distribution
due toits inherent randomness, potentially affecting the accuracy
of cloud detection results. The weight scheme, applied during
model training, may disrupt the internal structure of the original
algorithm when there is a large class sample size ratio. Con-
versely, the threshold scheme, as an a posteriori method, does
not impact the original data distribution or the construction of
the trained model. This approach allows for improved cloud
detection results through threshold adjustments according to
varying requirements.

Building on these findings, we applied the LC1, LC2, LC3,
and LC4 processing modes for the six LCs. Among these,
the LC4 mode demonstrates superior performance under all
surface conditions, as evidenced by statistical quantification and
representative region case analysis. Consequently, the AutoML-
threshold-L.C4 algorithm achieves a much better TSS of 87.32%
compared with 73.60% of the official-1 cloud mask, showing
a significant improvement of 13.72%. The DR of AutoML-
threshold-LC4 is 0.79%, considerably lower than the 20.48%
of the official-1 cloud mask. In long-term series tests, the CF
distribution obtained by AutoML-threshold-LC4 is more con-
sistent with CALIOP than that of the AHI official product. This
demonstrates that our method not only has good stability in
detecting various clouds but also surpasses the accuracy of the
official cloud mask product. Furthermore, the adjustable thresh-
old in AutoML-threshold-LC4 allows for broader application
scenarios, enhancing its versatility.

Our algorithm effectively improves the accuracy of
Himawari-8 cloud detection and ensures the unbiasedness of
detection. In addition, this algorithm construction processing
is versatile and can be applied to a wide range of scenarios,
irrespective of sensor features on different satellites, such as
the number of channels or center wavelengths. By integrating a
sample balance scheme, we aim to further identify and monitor
strong convective systems characterized by heavy precipitation,
significant harm, and substantial occurrence differences between
land and sea.
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