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‘T'his section outlines the datasets used and the methodology
developed to detect fog using satellite imagery and for detec-
tion of sun artifacts. The approach integrates both daytime
and nighttime spectral characteristics and employs physically-
based false-color composites and an unsupervised machine
learning algorithm to classify fog. The primary dataset is
Level-1C imagery from INSAT-3DS, which provides radio-
metrically calibrated radiances and brightness temperatures.
For validation and benchmarking, ground-based METAR ob-
servations (with a fog threshold of visibility below 1 km) and
the Level-2C (L.2C) operational fog product from INSAT-3DS
are used, together forming a robust multi-source framework
for accurate fog detection.
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(a) Cropped fog region
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(b) RGB histogram of cropped region
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comparisons during clustering

4) Clustering with K-Means: classify
higher precision, the RGB composite image was segmented
using K-Means clustering, an unsupervised machine learning
algorithm that groups pixels based on spectral similarity. In
this context, each pixel in the image was treated as a three-
dimensional data point corresponding to its red, green, and
blue values.

The K-Means algorithm partitions the pixel space into £
non-overlapping clusters, each defined by its centroid (mean
RGB value). The choice of an optimal value for k is critical
to ensure that fog is isolated into a distinct cluster without
over-segmenting the image or including excessive noise.

To identify the appropriate value of %, the Elbow Method
was applied. This involved calculating the Within-Cluster Sum
of Squares for increasing values of A and plotting them to
observe the point at which the reduction in Within-Cluster Sum
of Squares begins to plateau—commonly referred to as the
elbow. While the elbow point provided a theoretical estimate,
additional trial-and-error evaluations were conducted, where
the resulting fog clusters were visually inspected for purity,
separability, and spatial coherence.

The final number of clusters was empirically fixed at
k= 20, as it consistently provided the best trade-off between
capturing fog variability and maintaining manageable cluster
granularity.

Once the clusters were formed, the mean RGB value (cen-
troid) of each cluster was computed. To identify which cluster
most likely represented fog, a weighted Euclidean distance
was calculated between cach centroid and the reference fog
RGB signature (174.76.211.52.197.17). The green channel
was given higher weight, based on empirical observation that
fog has stronger contrast in the & band. The distance formula
used was
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Here, weighted distance between a
cluster’s RGB center and the fog reference RGB; (1. G... B,.)
are the red, green, and blue values of the cluster centroid:
and (Ry. Gy, By) are the red, green, and blue values of the
reference fog color. The weights (1.0 for /2 and B, and 1.5 for
() emphasize the green channel, which tends to offer higher
contrast for fog detection in RGB composites. The Euclidean
distance was computed between each cluster center and the
reference fog RGB value. The cluster closest in color space
to the fog signature was selected.

5) Final Fog Extraction: Pixels from the identified cluster
were extracted to create a final fog mask, shown in Fig. 4. This
was compared to operational fog products for validation. Once
the fog-representative cluster was identified, all corresponding
pixels were extracted to generate the final binary fog mask.
In this mask, fog pixels were assigned a value of 1, while all
other pixels were set to 0. This mask was then validated against
both ground-based visibility observations and the operational
foe product on MOSDAC.
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presents  comprehensive

detection method using INSAT-3DS data. The
sults are validated against surface station visibility data
and compared with the operational fog product provided by
INSAT-3DS. Performance metrics are presented both quan-
titatively (via contingency tables) and visually (via plotted
comparisons).
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the performance of the proposed fog
technique using RGB imagery, a quantitative comparison was
carried out against ground-observed visibility data recorded
at synoptic stations across India. These visibility observations
the ground truth for evaluating satellite-based fog
classification.

Each satellite pixel within a 5 km radius of a ground station
was matched with the station’s visibility report. If the reported
visibility was less than 1 km, it was labeled as fog; otherwise,
it was labeled as no fog. These ground truth labels were then
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pixel-level RGB values were averaged to obtain a data-driven
reference:
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Elbow method used to determine the optimal number of clusters
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proposed
INSAT-3DS fog product from MOSDAC
Performance metrics such as Probability
(POD), Probability of False Detection (POF), Probability of
Miss (POM), and Probability of No Fog Detection (PONF)
were computed for all-day, daytime-only, and nighttime-only
seenarios. These metries are summarized in Tables 1=V
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Representative comparison example 1 showing the RGB composite

e, extracted fog mask, and operational fog product.
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Visual Results and Comparative Analysis
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Visual comparisons were performed between the proposed
RGB-based fog detection method and the operational INSAT-
3DS fog product.

In several cases, the proposed method outperforms the
operational product, as seen in Figs. 6 and 7, by accurately
identifying localized fog patches, whereas the operational
product sometimes overestimates fog coverage, marking large
parts of the country as fog-covered. which is unrealistic. The
color-based clustering used in the proposed approach allows
for better separation of fog from background clouds and
Cace featur

SLIT





image183.png




image184.png
other




image185.png




image15.png




image186.png
resnlts




image187.png
with




image188.png
both




image189.png
methods




image190.png
SCCTICS,
accurately
show the




image191.png
comparable,
identifying fog regions. Representative
examples RGB composite image (top left), the
extracted fog mask (top right), and the operational fog product
(bottom).
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project conclusively fog

detected with high fidelity from INSAT-3DS RGB imagery by
combining Night Microphysics and Day Microphysics com-
posites with K-Mcans clustering. Validation against January
2025 surface-visibility observations shows a Probability of
Detection of 59% and a Probability of No Fog of 97%, with
only 3% false positives. Daytime and nighttime performance
remains robust (POD = 53% and 63%, respectively, with
identical 97% PONF), markedly surpassing the operational
algorithm’s POD of 47%. These figures confirm that the
RGB-based method is more reliable, visually intuitive, and
operationally viable for round-the-clock fog monitoring.
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Fig  Representative comparison example 2 showing the RGB composite
imace, extracted fog mask

and operational fog product.




image29.png
multi-channel




image326.png
FUTURE SCOPE




image327.png
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solution, several extensions are envisioned:
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Temporal Continuity & ‘Tracking: Apply Intersection
over-Union and object-tracking metrics to ensure smooth
evolution of fog patches across successive images.
Noise Reduction via Blob Filtering: Introduce adaptive
minimum-area thresholds to remove small, spurious de-
tections while preserving genuine fog.

Fog Forecasting with RNNs: Train ConvLSTM or
LSTM/GRU models on time-sequenced fog masks, op-
tionally fused with meteorological fields, to predict fog
onset, growth, and dissipation hours in advance.
Seasonal & Regional Generalisation: Validate and re-
librate the model for additional seasons and climatic
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challenges, specialized
products known as Day and Night Microphysics (DMP/NMP)
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atellite Imagery: "The primary dataset utilized 1 this
comprises Level-1C (L1C) imagery from the INSAT-
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3DS geostationary satellite, provided m HDES format

datasets contain radiometrically calibrated top-of-atmosphere
radiances and derived brightness temperatures across mul-
tiple spectral channels, with each file corresponding to a
specific timestamp and covering the Indian subcontinent at
high temporal resolution. The spectral channels employed for
fog detection and analysis include Thermal Infrared (TIR:
10.8 um and 12.0 ym), Mid-Infrared (MIR: 3.9 um), Visible
(VIS: ~0.65 um), and Shortwave Infrared (SWIR: ~1.6 pm).
These channels were selected due to their sensitivity to cloud-
top properties, surface emissivity, and fog-related radiative
characteristics under both daytime and nighttime conditions.

2) Ground Truth Data: The validation of fog detection

performed using ground-based visibility measurements
obtained from meteorological stations distributed across the
study area, with a particular focus on the Indo-Gangetic Plains.
These observations were sourced from METAR (Meteoro-
logical Aerodrome Report) data, which provide standardized,
high-frequency weather information. In accordance with World
Meteorological Organization guidelines, fog events were iden-
tified when visibility values dropped below | kilometer. This
threshold ensures consistency in fog classification and aligns
with global meteorological standards for aviation and ground-
level visibility assessment.

3) Operational Fog Product: Operational fog detection data
was also obtained from the INSAT-3DS Level-2C (L2C) FOG
product. This product provides routinely generated fog masks
derived using predefined threshold-based algorithms applied
to satellite radiances. It serves as a reference benchmark
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section presents the structured approach adopted for
fog detection using RGB satellite imagery derived from
INSAT-3DS. The methodology consists of data preprocessing,
RGB composite generation, fog color analysis, clustering, and
final fog extraction.

1) Data Acquisition and Preprocessing: Level-1C ASIA
MER files, sourced from INSAT-3DS, were used as the
primary dataset. These files contain calibrated radiance and
brightness temperature values across multiple spectral chan-
The preprocessing phase involve:
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tor evaluating the performance of the proposed unsupervised
classification approach.
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extracting (VIS),

Infrared (SWIR), Mid-Infrared (MIR), and Thermal In
frared (TIRI, TIR2);

using the lookup table in the HDFS files to get the
radiance and brightness temperature values;

converting radiance to reflectance for VIS and SWIR:
applying solar zenith angle and Earth-Sun distance cor-
rections for daytime data; and

computing brightness temperatures from infrared chan-
nels.
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bined 1nto an RGB 1mage.

3) Fog Color Signature Analysis: TInitially, fog-prone
gions were manually identified and cropped from both NMP
and DMP composites to extract a preliminary fog RGB sig-
nature, as illustrated in Fig. 2. However, to improve accuracy
and generalizability, the final fog signature was derived from
clustering results. After identifying the true fog cluster, its




image55.png




image2.png
Abstract—Accurate and timely detection fog 1s critica
for aviation safety and surface transportation over the Indian
subcontinent. This study presents a novel methodology to enhance
fog detection by moving beyond the limitations of traditional
threshold-based operational products, which often struggle to
differentiate fog from low-level stratus clouds. By leveraging
Day and Night Microphysics (DMP/NMP) RGB composites from
the INSAT-3DS satellite, our approach employs an unsupervised
machine learning technique, K-Means clustering, to statistically
segment the multi-dimensional color space of the imagery. A
key innovation is the dynamic identification of the fog class
by calculating the weighted Euclidean distance between the
algorithm’s derived cluster centroids and a pre-defined, data-
driven mean RGB signature for fog. This method provides a
robust and automated framework for generating high-fidelity
fog masks. When validated against ground-based METAR ob-
servations, the model demonstrates a ificant improvement in
detection accuracy compared to existing operational products,
contributing to more reliable meteorological nowcasti

Index Terms—fog detection, INSAT-3DS. microphy
K-Means clustering, meteorological nowcas
sensing

RGB,
g, satellite remote
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Sample microphysics composites used for fog detection




image62.png
2)




image63.png
Generation of RGB Composites: RGB composites were
generated separately for nighttime and daytime conditions. The
standard recipe was followed to generate the DMP and NMP
RGB images.

Night Microphysics RGB (NMP): For nighttime detection,
thermal infrared channels were used to generate an NMP
composite, shown in Fig. 1. The components were calculated
as follo
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‘The accurate and timely detection of fog is a paramount con
cern for operational meteorology, with profound implications
for aviation safety, surface transportation logistics, and public
advisory systems. Across the Indian subcontinent, dense fog
events are a significant natural hazard responsible for major
disruptions and accidents. The ability to precisely delincate
the extent and evolution of fog in near real-time is therefore
crucial for risk mitigation and the protection of human life.

Historically, fog detection has relied on data from geosta-
tionary satellites like the INSAT series. The primary opera-
tional method involves applying fixed thresholds to brightness
temperature (BT) values from one or more thermal infrared
(TIR) channels. While these operational products, such as
those available on MOSDAC, provide a valuable first-guess,
they suffer from significant limitations. A primary drawback
is their frequent inability to reliably distinguish low-level,
water-droplet fog from other features with similar thermal
characteristics, particularly low stratus clouds. This ambiguity
often leads to a high rate of false alarms or, conversely, missed
detection events.
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RGB composites have been developed. These composites are
explicitly designed to exploit the unique microphysical and
radiative properties of different cloud types by combining
information from visible, short-wave infrared, and thermal
infrared bands. In these false-color images, fog and low stratus
acquire a distinct and consistent spectral signature. making
them visually separable from ice clouds, land, and water
surfaces. This enhancement provides a much richer dataset
for automated analysis.

This study aims to develop a technique that leverages
these enhanced microphysics composites for more accurate
fog extraction. While automated classification has evolved
towards machine learning, many supervised methods like
Convolutional Neural Networks (CNNs) require large, accu-
rately labeled training datasets, which are labor-intensive (o
create. The proposed model in this study moves beyond these
limitations by employing an unsupervised machine learning
approach. We utilize the K-Means clustering algorithm to
statistically segment the multi-dimensional color space of the
NMP and DMP composites. The fog class is then identified
dynamically by calculating the weighted Euclidean distance
between the algorithm’s derived cluster centers and a pre-
defined, characteristic RGB signature for fog, allowing the
system to adaptively and robustly delineate foe boundaries.
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Day Microphysics RGE (DMP): For daytime,
infrared data were used, also shown in Fig. |
SWIR reflectance values were computed using their respectiv
radiances, solar constants, and sun geometry, and combined
with TIRI brightness temperature as
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The DMP channels were then dehined as




