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Abstract—Clouds at different altitudes play different roles in
Earth’s climate. Comprehensive understanding of overlapping
clouds is important for climate and weather prediction. The
East Pacific region is where El Niiio and La Niiia originate and
where multi-layer clouds frequently occur. The overlap of clouds
at different altitudes in this region increases the classification
complexity for cloud-based climatological studies. Unlike prior
work in cloud layer classification that assumes single layer or
two-layer of clouds, in this work, we consider multi-layer cloud
classification with 8 cloud-level classes (clear-sky, high, mid-
dle, low, high+middle, high+low, middle+low, high+middle+low).
We develop and analyze machine learning models on features
extracted from satellite images from the East Pacific regions
collected by GOES Advanced Baseline Imager (ABI). These are
used to classify CloudSat/CALIPSO observed multi-layer clouds.
Due to the imbalanced nature of the data, we investigate the
adoption of conventional resampling methods, as well as deep
learning methods with data augmentation. In our experiments,
we utilize the random forest classifier and Multilayer perceptron
classifier with data augmentation methods to reduce the class
imbalance during training. With these approaches, we achieve a
classification accuracy of 83.6% without exploiting any ancillary
information.

Index Terms—Multi-layer cloud classification, class imbalance,
machine learning, deep learning, data augmentation.

I. INTRODUCTION

It is climatologically important to understand the vertical
distribution of clouds in near-Equatorial regions, such as the
Eastern Pacific. However, the current ability to measure the
vertical structure of clouds is severely limited by the lack of
spatial and temporal satellite image coverage. For example, the
NASA Earth observation satellite CloudSat and the Cloud-
Aerosol Lidar and Infrared Pathfinder Satellite Observations
(CALIPSO) satellite provide the global vertical information on
clouds at nadir. The temporal gap between revisit with these
systems, however, is long. As a result, they can not be utilized
for real-world weather studies.
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On the other hand, the Advanced Baseline Imager (ABI)
onboard the GOES satellites monitor the pan-disk clouds at
very high temporal and spatial resolution. The availability of
such passive image data provides an opportunity to study ver-
tical structure of clouds. Classifying overlapping cloud layers
based on passive satellite image data, however, is an extremely
challenging task. This is because the satellite imagery cannot
penetrate through thick and precipitating clouds. In addition,
clouds at different altitudes may vertically overlap with each
other, thus, low-level clouds may be hidden from the view of
passive satellites.

Being able to discriminate between multi-layer cloud classes
has many applications in weather forecasting and climate
research. Since the available data is extremely imbalanced,
however, the challenge of inducing accurate classification
models from such data is significant. As a result, to the best
of our knowledge, there are no existing studies that investigate
learning multi-layer cloud classification models from available
imbalanced multi-layer cloud data.

In this paper, we study the problem of multi-layer cloud
classification using only passive satellite observations (i.e.,
ABI data). We employ different machine learning models with
ABI data as features and utilize the information from Cloud-
Sat/CALIPSO as the ground truth targets. Our contribution is
twofold. First, we tackle the challenging task of multi-layer
cloud classification. We formalize this as an 8-classes classi-
fication problem (clear-sky, high, middle, low, high+middle,
high+low, middle+low, high+middle+low) instead of adopting
the conventional, and more limited approach, of 3-classes (low,
mid, high). Second, we introduce use of deep learning and
data augmentation as a state-of-the-art approach to handle
imbalanced multi-layer cloud classification with the objective
of improving classification accuracy. We expect our results to
be a useful reference for future studies on cloud classification
from passive ABI and active CloudSat/CALIPSO data.



The paper is structured as follows. Section [[I] summarizes
related works for cloud classification and imbalanced data
augmentation. Section [lII) describes the analyzed data and our
methods. Section describes the experimental settings, and
discusses the results obtained by our study. Finally, Section [V]
concludes the paper outlining directions for future work.

II. RELATED WORK

A. Cloud classification methods

Since clouds present relatively continuous properties due
to similar atmospheric conditions, simple layer clouds (e.g.,
upper-layer ice cloud, lower-layer water cloud, or overlapping
two-layer clouds) can be classified using statistical extrapo-
lation methods based on image observations [1]. However,
the problem of classifying overlapping clouds with granular
elevation classes (e.g., high, middle, low) and multilayer (e.g.,
high+middle, high+low, middle+low, high+middle+low) have
not been well studied for two major reasons. First, it is very
challenging to accurately classify cloud elevation based on
satellite images captured by the GOES Advanced Baseline
Imager (ABI). This is due to the non-linear relationship be-
tween cloud elevation and cloud visual appearances in imagery
data. Secondly, it is very challenging to learn from imbalanced
multi-layer cloud data.

As information on overlapping cloud properties is essential
for climate and weather prediction, increasing attention has
been paid to the detection of overlapping clouds and the re-
trieval of their properties [1]-[5]. Recent studies have utilized
physics-based numerical and statistical methods to classify
clouds. [3]] used a threshold based numerical detection method
for two-layer clouds (overlapping two-layer versus single-layer
cloud). [1]] proposed a statistical extrapolation algorithm for
retrieving the cloud top heights of two-layer clouds.

Such numerical and statistical methods, while much simpler
to implement, show limited potential for classifying more
complex multi-layer cloud data (e.g., 8 classes of multi-layer
clouds). Effective machine learning-based approaches have
been introduced to study cloud type categories(e.g., cirrus,
cumulus, stratus, etc.) [6]—[10], detect the presence of snow/ice
in clouds, classify thick versus thin clouds [/11]], predict cloud
top height [4] and predict the macro-physical parameters of
clouds [12].

Differently from prior work, this paper focuses on the
8-class multi-layer cloud classification problem. Moreover,
we utilize state-of-the-art machine learning classifiers and
data augmentation methods. In this work, the 8 classes are
enumerated as (1) clear-sky, (2) low cloud, (3) middle cloud,
(4) overlapping low and middle clouds, (5) high cloud, (6)
overlapping low and high clouds, (7) overlapping middle and
high clouds, and (8) overlapping low, middle and high clouds.
Figure [T illustrates the imbalances in the number of examples
for each cloud layer in the utilized dataset. The figure shows
that class 1 (clear sky) and class 2 (low cloud) dominate the
other 6 classes (i.e., classes 3 to 8 are minor classes.)
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Fig. 1: Number of data samples in each class

B. Data Augmentation

Data augmentation methods for imbalanced data classifi-
cation can be broadly categorized in two groups: model-
agnostic methods, and methods specific to neural network
models. Model-agnostic methods present the advantage of not
depending on a specific classification model. Traditionally, the
most wide-spread techniques to handle the class imbalance
problem are resampling methods, such as random under-
sampling (RUS), random oversampling (ROS), and synthetic
minority oversampling (SMOTE).

While RUS produces an balanced training set by removing
training samples from the majority class, ROS produces a new
training set by means of oversampling. In both cases, sam-
ples are randomly drawn with replacement from the original
dataset. RUS and ROS are simple to implement and efficient
to employ, however, they have significant limitations. ROS
is known to cause the trained model to overfit the repli-
cated samples, whilst the RUS can cause the learning model
to underfit regions of the majority class where informative
samples have been discard from [13]. Possible alternative
undersampling approaches to mitigate this issue involve the
adoption of support vectors [[14].

The SMOTE technique was developed to reduce the need
to discard potentially informative majority samples and avoid
overfitting the minority class by utilizing interpolation rather
than replication [15]. SMOTE generates new synthetic samples
by means of random interpolation between instances in a
dataset. Similar to RUS and ROS, SMOTE can be applied
independently to each minority class in a multi-class setting.

SMOTE has produced positive results on a plethora of
imbalanced classification problems, however, it also has well-
documented limitations, such as suffering from high variance
and generating noisy instances that encroach on majority class
space [16]. These and other limitations have inspired numerous
alternative synthetic oversampling algorithms [17].

The adaptive synthetic oversampling method (ADASYN)
is designed address some of the weaknesses of SMOTE by
perform minority class interpolation in a manner that accounts
for the class density around the minority class instances [18].
In particular, given a minority class instance, the number of
synthetic minority class instances generated via interpolation
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Fig. 2: Method workflow. Following imagery data acquisition and feature extraction, tabular (vector-based) data is fed to
augmentation methods to address class imbalance. Subsequently, the classification task at hand is carried out with machine

learning classifiers.

depends on the class distribution in the neighbourhood of the
instance.

One possible limitation of model-free methods is that they
focus on the static generation of augmented samples, which
may represent a limitation in online and streaming data set-
tings, where the entire dataset is not available at once.

In recent years, the supremacy of deep learning has
inspired novel augmentations techniques to improve gener-
alization and ameliorate the problem training deep neural
networks on imbalanced classification data [20]. Previous
work, such as GAMO, Deep SMOTE, WGAN and C-VAE,
utilized deep generative techniques to model and synthesize
minority samples to balance the training set [21]-[24]. Al-
ternatively, integrated data augmentation methods deep neural
networks aim to efficiently improve predictive performacne
and generalization. This form of adaption can function at the
mini-batch level, thus, reducing the computations burdent and
enabling the model to be trained incrementally as new data
becomes available. Moreover, the authors in proposed an
imbalanced augmentation method that generates new samples
in the feature and the target spaces, in order to improve the
smoothness of the decision boundary, whilst improving the
classification of the minority classes.

III. DATA AND METHODS
A. Data

In this work, we focus on data collected in East Pacific
(10°S-10°N, 90°W-110°W). This is shown in the red box in
Figure 3] This area is often covered with multi-layer clouds
(55% occurrence frequency), and it’s very hard to separate
the low-, middle- and high-level clouds from passive satellite
image data (e.g., ABI). The ABI onboard the NOAA GEOS-R
satellites monitor the pan-disk weather at very high temporal
and spatial resolutions but cannot penetrate through thick
and multi-layer clouds. We collect ABI observations from
sensing-based images that capture the Earth with 16
different spectral bands, including two visible channels, four

Fig. 3: Example of sensing-based image

near-infrared channels, and ten infrared channels. Different
channels are different from one another in terms of resolutions
(0.5km to 2km) and their sensitivities to different levels of
clouds. We use all 16 channel features from ABI data in our
study.

The synergistic combination of CloudSat and CALIPSO
provides vertical profiles of clouds [27]. Figure [] shows an
example view of the vertical structure of multi-layer clouds
from the earth surface with timestamp, latitude, and longitude.
The multi-layer cloud classes are determined based on the
height of clouds from the collocated CloudSat/CALIPSO data.

When CloudSat radar passes the region of interest, there
is always a corresponding ABI pixel value as ABI data
has very high temporal and spatial resolutions. We collocate
CloudSat/CALIPSO observations with ABI pixel values with
geographic location and timestamp from June 2019 to Septem-
ber 2020.

B. Data Augmentation Methods

In this subsection, we briefly summarize and formalize the
data augmentation methods adopted in this study.

1) ROS: Given a training set D composed of two classes
Dinaj and Diyin, Where |Dinyj| > |Dimin|, ROS produces a new
training set D' = {E U Dy}, where E is a sample set
randomly drawn with replacement from Dy,;,. ROS can be
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Fig. 4: Example of collocated CloudSat/CALIPSO cloud vertical observations

generalized to the multi-class setting by performing resam-
pling on each class to achieve a balance across all classes in
the training set.

2) SMOTE [15]: The SMOTE algorithm produces a bal-
anced training set D’ = { E'U Dy,j}, where E is composed of
synthetic instances generated by random interpolation between
instances in Dy;,. In particular, SMOTE randomly samples an
instances d; € D, finds the set K4, of k-nearest neighbours
to d; in Dyin, Kq, = knn(d;, k), randomly selects a neighbour
d; € Kg,, and performs linear interpolation between d; and
d;. The interpolated sample, e, is computed as:

e:di—(dj—d,-)xé, @))

where ¢ is uniformly and randomly sampled from the interval
(0,1). This process is applied repeated to produce the set E,
such that E has the desired level of balance with the majority
class. The proceduce can be generalized to the multi-class
setting by applying it independently to each minority class.

3) ADASYN [|I8]: The ADASYN algorithm produces a
balanced training set D’ = {E U Dy,j}. To populate E with
class density adapted synthetic minority samples, ADASYN
requires the user to specify the total number of synthetic
minority samples, G, to generate. Typically, G = |D/. |
Based on G, it calculates the required number of instances,
gi, to be generated for the real minority instance d; € Dpip.
The value g; is determined based on the class density around
d; as:

2

where K is the number of nearest neighbours to consider
and A; is the number of K-nearest neighbours of d; in D
that belong to the majority class. Therefore, r; is the portion
of majority class instances in the K-neighbourhood of d;.
The value r; is normalized by dividing by the sum of all
rj € 1..|Dpin| and denoted #;. Finally, the number of synthetic
samples to generated for d; is calculated as:

gi =7 x G. (3)

For each minority sample d; € Dy, ¢; synthetic minority
samples are generated according to the minority class interpo-
lation procedure presented in the SMOTE algorithm.

4) ReMix [25]]: This method follows the same training
strategy as MixUp [28]. The MixUp algorithm is a training
strategy for deep learning that address generalization rather
than class imbalance. This is achieved via data augmentation.
The data augmentation is performed by forming unsupervised
convex-combinations of mini-batch data and class labels. In
particular, for each mini-batch of real training data B, a
substitute augmented mini-batch, B is generated for training
as follows:

BY = AB! + (1 — \)BL[IDX] (4)
Bl = AB}, + (1 — \)B}[IDX], (5)

where A is randomly sampled from the beta distribution at the
beginning of each episode, IDX is a random permutation of
mini-batch order, and BY and Bé’ are the augmented feature
and one-hot encoded class labels. The label augmentation re-
sults in soft-labels, which have been demonstrated to improve
calibration. The augmented data is utilize to train the deep
model according to the principle of Vicinal Risk Minimization,
which has been shown to improve generalization [29].

As demonstrated by the authors of ReMix, however, MixUp
is negatively impacted by class imbalance. ReMix conducts a
weighted sampling of each mini-batches to ensure the classes
are approximately balanced, and generates augmented bal-
anced mini-batches from unsupervised convex-combinations.
This method enables the balancing in mini-batches to reduce
predictive bias, whilst it improves calibration with soft-label
training, and reduces the risk of overfitting the augmented
minority class. This is because ReMix efficiently enables the
method to generate a potentially infinite number of synthetic
training samples. ReMix can be applied seamlessly to any
number of classes.

C. Classification Algorithms

1) Random Forest (RF): This is an ensemble classification
algorithm formed of many decision trees [30]. In order to
increase the robustness of the ensemble, randomness is infused
into the individual trees in two ways. Each decision tree in
the random forest is build from a bootstrap sample (subset
with replacement) of the training set. In addition, each split
in the tree is generally based on a random subset of the
complete feature set. By combining the predictions from
several randomized decision trees, random forests can often



produce better generalization and predictive performance than
the individual trees.

2) Multilayer Perceptron (MLP): This classification algo-
rithm is formed of a fully connected artificial neural network
[31]. The classifier takes a feature vector or tensor as the
input. The input is mapped through multiple fully connected
hidden layers, which contain hidden weights, to produce a
classification at the output layer. In each hidden layer, a
non-linear activation function, such as sigmoid or rectified
linear unit (relu), is applied to facilitate a non-linear model.
The output of the final hidden layer is combined and passed
through the softmax function to produce the class prediction.
The weights of the model are trained in a supervised manner
to produced the desired classification via stochastic gradient
descent and the backpropation algorithm. In this work, the
cross-entropy loss is minimized during training.

IV. EXPERIMENTS

Our preliminary experiments involved multiple classifica-
tion algorithms, including multi-label SVMs, MLP, Decision
Trees, and Random Forest. These experiments highlighted that,
among the vanilla models, Random Forest and MLP achieved
the highest overall accuracy. For this reason, we selected
them to perform additional experiments in combination with
resampling methods, including SMOTE, RandomOverSampler
and ReMix. Experiments are performed using a fixed holdout
validation procedure (80% training, 20% testing).

A. Hyperparameters

The HyperOpt optimizer [32] was used to fine-tune
all models. Specifically, for Random Forest we first opti-
mized parameter selection with the following space con-
figuration: n_estimators: [100, 200, 300, 400,500,600],
min_samples_split: [2, 5, 10, 15, 100], min_samples_leaf:
[1, 2, 5, 10] criterion: [gini, entropy], [32]]. The best pa-
rameters found were: criterion = entropy, n_estimators =
800, min_samples_split = 3. All min_samples_split options
were found to be hindering the accuracy, therefore the default
parameter (min_samples_leaf = 1) was used.

For MLP models, the following configuration was used:
activation=logistic, solver=adam, learning_rate=adaptive,
alpha=1.97e-05, batch_size=666, learning_rate_init=0.001.
These results were found by specifying a range of values for
the numerical hyperparameters and listing the choices for the
categorical hyperparameters.

For the activation hyperparameter, the following options
were considered: identity, logistic, tanh, relu. For the solver
hyperparameter, the following options were considered: /bfgs,
sgd, adam. For the learning_rate hyperparameter, the follow-
ing options were considered: constant, invscaling, adaptive.

For all the numerical hyperparameters, a range was specified
for each hyperparameter. The range for the alpha hyperpa-
rameter was from 0.00001 to 0.001. This was to explore
the values around the default value, which was 0.0001. The
range for the batch_size hyperparameter was from 500 to
1000. This was because the default value, 200, was too small

relative to our very large sample size. The range for the
learning_rate_init was from 0.001 to 0.01. The optimized
value ended up rounding down to the default value, which
is 0.001.

B. Metrics

In our study, we adopt standard metrics in machine learning-
based classification, such as Precision (P), Recall (R), and
F-Measure (F'1), defined as:

po B o T PxR
T, +F,’ T, +F,’ P+ R

where T}, is the number of true positive, and F}, is the number
of false negatives. To properly consider class imbalance, we
adopt the weighted variants of Precision, Recall, and F-
Measure, where values are calculated for each label, and their
average is weighted by support (the number of true instances
for each label).

In addition, we adopt the Balanced Accuracy (BA) measure,
which allows us to better assess the classification accuracy
of models considering the imbalanced setting we are dealing
with. It is computed as the average Recall obtained on each
class:

F1=2x

> R,

1
BA=—
¢ c=1

where C' is the total number of classes in the dataset.

C. Results and discussion

1) Random Forest: When observing the overall accuracy,
the baseline Random Forest (no data augmentation) model set
to a single train/test split achieved an overall high accuracy
(82.4%) but when noting the balanced accuracy score, the
model only produces a balanced score of 73.3%. Looking at
just the baseline model, as shown in [5] the model was easily
able to differentiate clear skies from class Low+Middle+High,
overlapping cloud observations that were recorded at low, mid-
dle and high, while having relatively more difficulty predicting
the minority classes. Across all resampled models, minority
classes also saw significantly better accuracy once resampled.
For example, in the baseline Random Forest model, prediction
accuracy for the smallest class L+M+H was 58.3% without
data augmentation, and it was increased to 64.1% with ROS,
65.7% with SMOTE, and 64.8% with ADASYN.

The accuracy was increased from 61.8% to 68.7% with
ROS, to 71.4% with SMOTE, to 71.7% with ADASYN for
overlapping low and middle clouds. The accuracy for majority
class remained relatively the same with ROS. For example, the
accuracy for Clear-sky class was 80.1% by baseline Random
Forest model and 80.5% with ROS. The the accuracy for the
low cloud class was 88.3% by baseline Random Forest model,
88.3% with ROS. The accuracy for majority class remained
relatively the same with the exception of the low cloud
class (the largest class) where the model with SMOTE and
ADASYN predicted less accurately than the baseline model,



TABLE I: Experimental results: Random Forest with no data
augmentation (Baseline), with ROS, SMOTE, and ADASYN.

Metric Baseline ROS  SMOTE ADASYN
Accuracy 0.824 0.836 0.827 0.827
Balanced Accuracy 0.733 0.773 0.773 0.774
Precision 0.823 0.835 0.829 0.828
Recall 0.824 0.836 0.827 0.827
F1 0.822 0.835 0.828 0.827

TABLE II: Accuracy for each class: Random Forest with
no data augmentation (Baseline), with ROS, SMOTE, and
ADASYN.

Class (Sample Ratio)  Baseline =~ ROS SMOTE  ADASYN
L+M+H (1%) 0.583 0.641 0.657 0.648
M+H (2%) 0.686 0.729 0.733 0.747
L+M (2%) 0.618 0.687 0.714 0.717
M (3%) 0.811 0.846 0.839 0.834
L+H (6%) 0.679 0.750 0.738 0.738
H (7%) 0.810 0.842 0.822 0.830
Clear-sky (33%) 0.801 0.805 0.820 0.834
L (46%) 0.883 0.883 0.857 0.844

likely due to more minority class samples muddying the class
features. The variety of prediction choices also remained true.
. For example, the accuracy for Clear-sky class was 80.1%
by baseline Random Forest model, 82.0% with SMOTE, and
83.4% with ADASYN. The the accuracy for the low cloud
class was 88.3% by baseline Random Forest model, 88.3%
with ROS. There is a 2.6% decrease in low cloud accuracy
with SMOTE and 3.9% decrease with ADASYN.

Using ROS, both accuracy and balanced accuracy improved
from the baseline Random Forest model and is the highest
score. Variety in class prediction also remains true while class
prediction accuracy is also slightly improved. Utilizing the
hyperparameter optimization from Hyperopt, combining the
optimized Random Forest with the ROS resulted higher Recall,
Precision and F1 metrics. The confusion matrices for Random
Forest in combination with the different augmentation methods
are reported in Figure [3]

2) Multilayer Perceptron (MLP): The overall highest accu-
racy score achieved by the MLP classifier was 72.9%. This
score was achieved by the MLP model with ReMix. The
overall accuracy of the baseline MLP model with no data
augmentation was 72.6%. It must be noted that the balanced
accuracy score for this model was the lowest, at 45.6%,
when compared to the MLP models with resampling methods
applied.

As shown in Table resampling methods significantly
boosted accuracy for the smallest class L+M+H, i.e., accuracy
was 4.6% without data augmentation, and it was increased
to 65% with ReMix, 42.7% with ROS, 50.1% with SMOTE,
and 39.1% with ADASYN. They show improvements over all
other minority classes as well. For example, the accuracy for
M+H class was 21.7% without data augmentation, and it was
increased to 72% with ReMix, 52.9% with ROS, 51.5% with
SMOTE, and 58.1% with ADASYN. The confusion matrices
for MLP in combination with the different augmentation
methods are reported in Figures [6] and
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Fig. 5: Confusion matrices for the Random Forest classifier.
From top to bottom, the matrices correspond to Random forest
with no data augmentation (baseline), with ROS, SMOTE, and
ADASYN.



TABLE III: Experimental results: MLP with no data augmen-

tation (Baseline), with ReMix, ROS, SMOTE, and ADASYN.
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Fig. 7: Confusion Matrix of MLP classifier with ReMix data
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Fig. 6: Confusion matrices for the MLP classifier. From top
to bottom, the matrices correspond to MLP with the following
pre-processing: none, ROS, SMOTE, ADASYN.



learning methods to the raw satellite image data. In other im-
age classification tasks, deep learning has been shown to sig-
nificantly outperform models trained with human-engineered
features, such as those used in this study. Thus, we plan to
adapt deep learning-based augmentation methods to our multi-
layer cloud image datasets, as well as the investigation the
use of semi-supervised learning approaches to leverage the
plethora of partially labelled data available in this domain. Ad-
ditional directions include addressing more complex machine
learning tasks that consider the temporal and spatial dimension
of the data, as well as multi-task approaches that combine
classification and forecasting.
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