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Abstract: Gas emission detection is essential for
understanding environmental biology and
safeguarding human well-being. Hyperspectral image
analysis offers a significant advantage over
conventional gas detection systems by enabling
remote detection with high sensitivity. This study
proposes a novel deep learning-based hyperspectral
gas detection framework that combines unmixing and
classification. Current hyperspectral gas detection
techniques in the longwave infrared (LWIR) range
often overlook the fact that the captured radiance is a
combination of the radiance from the background and
the target gases. Our approach begins by transforming
radiance data into luminance-temperature data. This
transformed data is processed using a 3D
Convolutional Neural Network (3D-CNN) and an
autoencoder-based network, specifically designed for
spectral unmixing, to extract abundance fractions and
endmembers for each pixel. A three-layer fully
connected neural network then identifies target gases
at the pixel level using the derived endmember spectra
and abundance values. The proposed method
demonstrates superior performance compared to
existing hyperspectral gas detection approaches, as
confirmed through experiments with LWIR
hyperspectral images of methane and sulfur dioxide.

Spectral Angle Mapper (SAM) and Adaptive Cosine

Estimator (ACE) metrics validate its effectiveness.
Further evaluations involving various configurations
of the framework, including direct classification and
unmixing techniques, highlight the system’s
robustness. Additionally, a “CNN+BiGRU” ensemble
model achieves 100% accuracy, enhancing the

autoencoder-based detection performance.

Index terms - Autoencoders, convolutional neural
networks (CNNs), gas detection, hyperspectral

unmixing.

1. INTRODUCTION

For over three decades, physicists and researchers
have utilized imaging spectroscopy to identify
and analyze materials and their compositions.
Since its introduction in the 1980s, hyperspectral
remote sensing has been extensively used by
geologists for mineral mapping, a practice that
continues today [1]. The detectability of a
material depends on factors such as the spectral
range of the spectrometer, its spectral resolution,
material abundance, and absorption properties
within the observed wavelength range [2]. One of
the pressing environmental challenges today is the
detection and mitigation of gas leaks, especially

in industrialized nations. Certain gases contribute
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to global warming and pose threats to the
surrounding environment. For workers and
residents near leaking facilities, these gases can
cause long-term health risks, such as cancer, and
immediate dangers, including explosions. To
mitigate these outcomes, environmental agencies
must monitor industrial and chemical facilities to
manage gas emissions effectively. Infrared
remote sensing technology offers a promising
solution, providing distinct advantages over
traditional gas detection methods [3]. This
technology allows for safe, remote monitoring of
potentially hazardous situations [3]. Forward-
looking infrared hyperspectral cameras are
deployed in high-risk areas to enable remote gas
detection. These cameras are designed to capture
images across various wavelengths in the
medium-wave infrared (3-5 um) and long-wave
infrared (7-14 pm) ranges. They have been
successfully used to identify gases such as carbon
dioxide, methane, propane, butane, ammonia,
sulfur hexafluoride, freon, difluoroethane, diethyl
ether, and phosgene [4], [5], [6], [7]. In these
applications, gas detection typically involves
conventional statistical methods combined with
essential signal processing techniques, including
data transformation, background suppression,
dimensionality reduction, linear regression, and
matched filtering [4], [6], [7], [8], [9]. One of the
earliest studies in this field, conducted by
Pogorzala [10], proposed a pixel-based approach
using linear regression on synthetic images to
detect ammonia (NH3) and Freon 114. Building
on this, Valliéres et al. [4] developed a method
that first converts hyperspectral radiance data to
luminance-temperature data. After removing the

background from the temperature data, spectral

matched filtering [11] is used to identify pixels
containing gases, followed by score thresholding
to detect the presence of gas. In another study,
Spisz et al. [12] applied matched filtering and
spectral angle mapper techniques to detect various
chemical compounds. This approach included
background reduction using principal component
analysis. Another investigation [13] focused on
automated detection of waste gases using
hyperspectral imaging. This method first
identifies key wavelengths and uses correlation
coefficient metrics to select pixels with significant
gas concentrations, effectively filtering the areas
of interest. A spectral matching filter is then
applied to these selected pixels to identify target
gases.

2. LITERATURE SURVEY

The distribution [1] "Imaging Spectroscopy and the
Airborne Visible/Infrared Imaging Spectrometer
(AVIRIS)" —

imaging spectroscopy as another methodology of

is revealing expanding notoriety of

Earth remote detecting. First accomplished by the
Airborne Visible/Infrared Imaging Spectrometer
(AVIRIS)", was estimation of the sun reflected range
at 10-nm spans from 400 to 2500 nm. As far as sign
to- - - - commotion proportion and alignment
precision, AVIRIS is as yet remarkable. The AVIRIS
framework has developed fundamentally as of late,
and logical exploration and applications have
progressed also. Concerning sensor, alignment,
information framework, and flight tasks, the first idea
and upgraded attributes of the AVIRIS framework are
made sense of. This AVIRIS include update readies
the ground for logical examination and utilizations of

AVIRIS information obtained throughout the course



of recent years [13,14]. Late logical examination and
applications are investigated covering subjects
including air rectification, biological system and
vegetation, topography and soils, inland and beach
front waters, the air, snow and ice hydrology,
consuming of biomass, ecological perils, business
applications, phantom calculations, human

framework, and unearthly demonstrating.

Mid 1960s saw the presentation of multispectral
pictures as the information hotspot for water and land
observational remote detecting from airplane and
satellite frameworks, per the distribution "A survey of
hyperspectral remote detecting and its application in
vegetation and water asset studies [2]". Because of
sensor innovation's enhancements during the most
recent 20 years, numerous hundred ghastly groups
have been assembled. Frequently alluded to as
hyperspectral imaging, this sort of picture is The
significant focal point of this review is the utilization
of hyperspectral imaging in water asset review — all
the more particularly, the grouping and planning of
land uses and vegetation — as well as spatial and
unearthly goals and contrasts among multispectral and

hyperspectral information.

The review [4] addresses remaining off discovery.
"Calculations for Synthetic Recognition, ID and
Measurement for Warm hyperspectral imagers."
Fundamental requirements in a wide range of
utilization fields are ID and evaluation of mixtures in
the wvaporous condition. The measures of these
applications on the sensors incorporate high
responsiveness, hardly any deceptions, and constant
activity — all inside a small, powerful bundle fit for
field use. Either with spectrometers (which have either

no or restricted imaging capacities) or with imagers

(which have minimal unearthly ability), such synthetic
sensors have been created utilizing the warm infrared
segment of the electromagnetic range. On account of
the appearance of huge scope, rapid infrared imaging
exhibits, compound sensors with unrivaled execution
in the ghastly, spatial, and fleeting spaces have quite
recently of late become ready to make. Logical
examinations show that the combination of spatial and
unearthly data can possibly work on the adequacy of
compound specialist 1D, measurement, and aloof
location the way things are presently. This study
presents the planned recognition, ID, and
measurement calculations for hyperspectral imagers
working in the warm infrared. Vaporous releases
datacubes obtained in the field with the Telops FIRST
picture spectrometer help to show the adequacy of

these techniques.

A strong technique for uninvolved far off location and
distinguishing proof of surface pollutions and fume
transmissions is “Fourier-transform infrared (FTIR)”
spectroscopy The work [5] surveys ongoing
discoveries using MoDDIFS. "hyperspectral gas and
polarization detecting in the LWIR: ongoing outcomes
with MoDDIFS." In the structure of guard and
security, imaging FTIR might be remotely observed
for dubious areas took advantage of for illegal item
manufacture. As of late starting work on the turn of
events and field testing of the original imaging Fourier
change infrared sensor, “MoDDIFS (Multi-choice
Differential Location and Imaging Fourier
Spectrometer)”, DRDC Valcartier is satisfying this
remote detecting need. This work presents a
framework consolidating the viable mess decrease of
the differential discovery strategy with the incredible
spatial goal gave by the hyperspectral imaging
method. The MoDDIFS sensor has two potential



designs: far off gas identification and polarization
detecting of surface tainting. This work surveys the
discoveries of detached deadlock discovery of gases
and fluid contaminations using “MoDDIFS”.
Hyperspectral perceptions of difluoroethane, diethyl
ether (gases), and SF96 (fluid) help to construct, test,
and assess calculations for GLRT-type discovery. The
identifying discoveries are introduced and examined

utilizing the GLRT identification properties.

The distribution [6] "Vaporous crest recognition in
hyper ghastly pictures: An examination of strategies”
reports that interest in the discovery, ID, and
evaluation of vaporous gushing has developed for both
government and business utilizes. By and by, the
issues of hard-target identification in the intelligent
phantom locale are fairly unique in relation to those of
gas location. Especially, one might see gas fingerprints
in one or the other emanation or retention relying upon
both temperature and fixation while checking out at
the blended foundation pixel signature starting from
the earliest stage. This study applies customary hard-
target recognizable proof calculations utilizing warm
hyperspectral manufactured pictures. We examine
here Head Parts Examination, Projection Pursuit, and
an Unearthly Matched Channel. The use of these
procedures to the issue of gas recognition will be
assessed in both quantitative and subjective regards.
Through a thorough quantitative evaluation of the
algorithmic exhibition, one might get truth yields from
engineered information inputs. It is shown that
Projection Pursuit and Rule Parts perform fairly in
much the same way and better than Unearthly Matched
Channel. Additionally, it is clear that Important Parts
and Projection Pursuit might isolate tuft districts

engrossing light from those delivering it.

3. METHODOLOGY

i) Proposed Work:

Utilizing steady framework settings, the proposed gas
identification framework for hyperspectral pictures
joins 3D convolution and autoencoder-based
unmixing with grouping, showing expanded execution
over standard methodologies and can be tuned for
various gases. Moreover remembered for this work is
an outfit model called “CNN+BiGRU” with 100
percent precision for better Autoencoder-Based Gas
Discovery in Hyperspectral Pictures [4]. Join and sign-
in for client testing is made simpler by an easy to
understand Cup structure with SQLite network,
consequently ensuring down to earth convenience in

profound learning applications.

ii) System Architecture:

Intended to work with three-layered input,
incorporating volumetric information or in this model
hyperspectral photographs, a 3D-CNN is a sort of
brain network engineering. It is significant for the
investigation of hyperspectral information since it is
suitable for occupations requiring spatial and
otherworldly information. An autoencoder is a sort of
brain network configuration utilized in highlight
extraction and dimensionality decrease. It contains a
decoder remaking the first contribution from a lower-
layered portrayal (inactive space) and an encoder
compacting the information into this portrayal. 20, 21,
22 To look at hyperspectral information, the 3D-CNN
is executed working together with an autoencoder.
While disposing of superfluous data, the autoencoder
catches significant qualities and assists with
diminishing the dimensionality of the hyperspectral

information. This is exceptionally fundamental for



powerful handling of the multifaceted hyperspectral

pictures.

By utilization of a troupe model, “CNN+BiGRU,
which consolidates Convolutional Brain Organization
(CNN)” and Bidirectional Gated Intermittent Unit
(BiGRU) designs [20], the wventure enormously
expands its abilities. Surprisingly, this group model
gets a faultless 100 percent precision, consequently
featuring its effectiveness in ensuring exact and
reliable gas distinguishing proof in hyperspectral
pictures. The venture incorporates a lightweight
Python web structure to further develop client
cooperation and viable helpfulness through an easy to
use Cup system. While the combination of SQL.ite, a
social data set administration framework, successfully
controls client information, this system improves on
client techniques like sign-up and sign-in. Along with
SQLite mix, the easy to use interface ensures
pragmatic use across a scope of profound learning
applications, consequently guaranteeing versatile and

open framework for different purposes.
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“Fig 1 Proposed Architecture”

1. Hyperspectral Information: Normally
displayed as a vector of values at various frequencies,

the information for this task comprises of

hyperspectral photographs wherein each pixel has a
ghostly mark.

2. Preprocessing the hyperspectral information — like
brilliance temperature change — may assist with
working on specific ghastly properties or empower the
information to be more fit for gas ID prior to handling.

3.3D convolutional brain organizations (3D-CNN)

* 33P-3321 (3D Convolution, ReLU): a 3D-CNN
handles the hyperspectral information. With P the
quantity of unearthly groups, the main layers definitely
comprise of 3D convolutions with a 3x3xP bit size. A
Corrected Straight Unit (ReLU) initiation capability
follows this interaction.

* 2211 (3D Convolution, ReLU): Following layers
incorporate another 3D convolution activity utilizing a
2x2x11 piece size and ReL U enactment.

« 117 (2D Convolution, ReLU): The last 3D
convolution activity could significantly bring down
the ghostly aspect by utilizing a 1xX1x7 piece size. Here
additionally utilized ReL U enactment.

Following the 3D-CNN layers, the information is
leveling to convert into a vector. Prior to sending
information into the autoencoder, this stage is totally

required.

5. Encoder-Decoder or Autoencoder: ¢ Encoder: An
autoencoder handles the level information. The
encoder part recovers appropriate data and diminishes
the information dimensionality. Inside the structure of
gas location, the encoder yield is the overflow values

— that is, the presence and centralization of gases.



* Endmembers: Standardization Layer Loads The
autoencoder's normalizing layer's loads
unquestionably match the endmembers — that is, the
unadulterated unearthly signs of gases. Recognizable
proof and evaluation of the gases in the hyperspectral

information relies upon these endmembers.

* DECoder: Switching the encoder's result, the
decoder part of the autoencoder looks to revamp the
first hyperspectral information. While denoising or for
different purposes this part may not be vital for gas
discovery. The entire framework gauges the overflow
upsides of gases by joining a 3D-CNN [4] for first
component extraction with an autoencoder from there
on. The loads of the normalizing layer go about as the
endmembers accordingly empowering the framework
to perceive and analyze gases in hyperspectral

pictures.

iii) Dataset collection:

In this stage, the undertaking researches and gets more
familiar with the dataset of hyperspectral range photos.
This covers information on information structure,
hyperspectral picture design, and open names or gas
emanation data. One more method for getting
comprehension of the dataset is by utilization of
“Exploratory data analysis (EDA)”. Imaging of
airborne or satellite sensors on an objective region
yields hyperspectral pictures with data about objects in
tens to many progressive and fragmented groups from

noticeable light to the infrared ghostly reach.

&
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“Fig 2 Dataset

iv) Data Processing:

An imperative initial phase where the crude
information is cleaned, handled, and prepared for
model preparation is information planning. Dealing
with missing qualities, normalizing information, and
ensuring information quality could the entire fall under
this class. Preprocessing for hyperspectral information
could comprise of ghastly mark extraction and sound

decrease.

Generally isolated in two, a preparation set and a
testing set assists one with evaluating the exhibition of
the model. While the testing set assesses their accuracy
and summing up to new, obscure information, the
preparation set is utilized to prepare the Al or profound

learning models.

v) Model Building:

Developing the gas discovery model is the
fundamental grouping of this module. The model in
this study is based on an autoencoder engineering “3D
Convolutional Neural Network (3D-CNN)”. The
engineering of the model is created and determined,
hence characterizing the layers, actuation systems, and
different attributes controlling its way of behaving.
Preparing the Model: The venture pushes ahead using
the preparation dataset after the model engineering is

laid out set up. The model earns design respect and



ghostly mark recognizable proof connected with
fluctuating gas outflows during preparing. “Training
involves multiple iterations (epochs)” in which the
boundaries of the model are changed to decrease

expectation blunders.

vi) Algorithms:

“CNN (Convolutional Neural Network)” - Planned
particularly for handling organized lattice information,
including photos, Convolutional Neural Networks
(CNNs) are a group of profound brain organizations.
In the structure of this review, hyperspectral picture
examination relies much upon CNNs. They
incorporate layers learning various leveled portrayals
utilizing convolutional channels, hence catching
spatial examples in the information. The channels
highlight

empowering the model to track down connections and

empower extraction, accordingly
confounded designs in hyperspectral pictures. CNNs
are proper for recognizing complex examples
connected with modern gas outflows in hyperspectral
information as they are great in spotting spatial

designs.

Generally utilized for handling 3D information or
volumetric information including video groupings,
clinical outputs, and hyperspectral pictures, a 3D-CNN
is a type of convolutional brain network working in
three aspects. This work utilizes a 3D-CNN to
investigate the hyperspectral information thinking
about the phantom aspect (frequency groups) of the
image and the spatial aspects (width and level). For
hyperspectral picture investigation, this empowers the
model to catch both ghastly and spatial viewpoints —

characteristics exceptionally fundamental.

1], activat
lu", kernel_init

“Fig 3 CNN”

“CNN + BiGRU (Ensemble Model)” - The task
consolidates “Convolutional Neural Network (CNN)
with “Bidirectional Gated Recurrent Unit (BiGRU)”
through an outfit model, “CNN+BiGRU”. This mix of
strategies tries to amplify the upsides of the two plans.
CNNs are perfect at catching spatial qualities;
BiGRUs are better in overseeing fleeting conditions.
By handling input both forward and in reverse,
bidirectional GRUs further develop the fleeting
grouping grasping ability of the model. The gathering
model accomplishes 100 percent exactness by
amassing the spatial attention to CNNs with the
transient setting procured by “BiGRU”s. Taking into
account both spatial and fleeting components of the
information, this total procedure ensures solid gas

recognizable proof in hyperspectral pictures.

Utilizing the two models to effectively break down
hyperspectral information, subsequently further
developing gas discovery, and satisfying the spatial
and ghastly data needs of the gig, the “CNN + BiGRU”
blend incorporates CNN for spatial elements and

“BiGRU” for transient and ghostly conditions.
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4. EXPERIMENTAL RESULTS

Precision: Precision measures among the ones sorted
as up-sides the extent of appropriately distinguished
occasions or tests. The equation to decide the accuracy

then, at that point, is:

Precision = True positives/ (True positives + False
positives) = TP/(TP + FP)

True Positive

Precision = — —
True Positive+False Positive

Classification Performance

Extension Ensemble CNN + Bidirectional + GRU Model

Propose 3DCNN Encoder Decoder Model

I T T T T T
oo 0z 04 06 08 10
Precision Scare

“Fig 5 Precision comparison graph”

Recall: In ML, review is a measurement checking a
model's ability to track down all pertinent cases of a
given class. It offers data on the fulfillment of a model

regarding precisely anticipated positive perceptions to

the in general genuine up-sides.

TP
TP+ FN

Recall =

Classification Performance

Extension Ensemble CNN + Bidirectional + GRU Model

Propese 3DCNN Encoder Decoder Model

T T T T T
00 02 04 L6 08 10
Recall Score

“Fig 6 Recall comparison graph”

Accuracy: In a characterization work, accuracy is the
level of precise forecasts, subsequently checking the

overall exhibition of the expectations of a model.

TP+TN
TP+ FP+TN + FN

Aceuracy =

Classification Performance

Extension Ensemble CNN + Bidirectional + GRU Model

Propose 3DCNN Encoder Decoder Model

T T
00 0z 04 06 038 10
Accuracy Score

“Fig 7 Accuracy graph”

F1 Score: Reasonable for lopsided datasets, the F1

Score is the consonant mean of precision and recall,
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giving a decent evaluation including both false

positive and false negatives.

| Recall X Precision
F1 Score = 2 = —x 100
Recall + Precision

Classification Performance

Extension Ensemble CNN + Bidirectional + GRU Model

Propose 3DCNN Encoder Decoder Medel

0o 02 04 06 [1k:} 10
F1Score

“Fig 8 F1Score”

ACCURACY
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“Fig 9 Performance Evaluation table”
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— 5. CONCLUSION

The drive intends to address natural harm through
modern area gas emanations distinguishing proof.
e Ecological insurance relies upon this as modern
emanations incredibly add to air contamination and a
“Fig 13 Input sheet” dangerous atmospheric deviation. The principal
information source are hyperspectral photographs
X1 taken from modern gas spills. Gas identification is

achieved utilizing the "Spectral Angle Mapper

(SAM)" distance recipe. To unequivocally distinguish

0.776264012 .
gas outflows, SAM thinks about the otherworldly
comparability between the acquired hyperspectral
XZ pictures and realized gas fingerprints. The venture
creates its gas name dataset utilizing a proactive
0.567661703 information gathering technique [13]. Preparing
utilizes additionally outer datasets like methane and
X3 sulfur spill data. For good model preparation, this
blend ensures a total and changed dataset. The
0.118108869 investigation features how well profound learning
techniques might be utilized for ecological assurance
X4 and gas recognition. Profound learning assists the
model with naturally gaining complex examples and
0.697476625 attributes  from hyperspectral information, thus
expanding precision in the distinguishing proof of
X 5 perilous gas emanations. This work presents a mixture
model, CNN+BiGRU [25,26,27], which arrives at an
0.101794206 astonishing 100 percent exactness. Displaying

extraordinary execution and dependability, this half
and half method coordinates "Bidirectional Gated

Fig 14 User input Recurrent Unit (BiGRU) with Convolutional Neural
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Network (CNN)" . This shows the flexibility of the
model past its super natural use as it makes it a
somewhat clever response for some online business
information investigation tasks. Consolidating an easy
to understand Jar communicate with safe validation
further develops the entire framework testing client
experience. This connection point smoothest out
information entering for framework execution
assessment. The attention on security and ease of use
stresses the commitment of the venture to information

assurance and logical use.

6. FUTURE SCOPE

The versatility of the model to various gases by
changing boundaries ensures its adaptability for some
gas recognition projects. The methodology looks to
build exactness and effectiveness in gas location by
researching many distance estimations and
advancement procedures. Changing the model for
security, ecological, and modern settings ensures
valuable functional use. [3,10} Stretching out the
model to recognize many gases on the double works
on its ability to screen convoluted gas blends in the
environmental factors. By including the model into
aeronautical vehicles, viable remote detecting is made
conceivable, subsequently growing its relevance to
numerous applications requiring gas discovery from

the air.
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