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Abstract

Infrared and optical remote sensing imagery plays a critical role in environmental applications such as wildfire detection, urban thermal
profiling, climate monitoring, and sustainable resource management. Nevertheless, sensor noise, low contrast, motion blur, and
atmospheric clutter usually affect the utility of such data, reducing its usefulness in real-time environmental monitoring and intelligent
visual analytics. To address these challenges, the paper suggests a new adaptive statistical quality profiling and refinement architecture
with future functionality in real time work of infrared and optical satellite images. The proposed framework incorporates the modeling
of the temporal-spatial consistency with adaptive histogram-based statistical assessments and edge-preserving denoising techniques to
reconstruct degraded scenes and deliver high-fidelity outcomes. The system can be used as a diagnostic layer in intelligent visual analytics
pipelines as well as an enhancement module by incorporating both perceptual quality measures and statistical measures. Experiments on
Sentinel and Landsat images indicate that the quantitative metrics are significantly enhanced: PSNR was improved to 29.8 dB and 32.3
dB when using an IR data and 24.1 dB and 26.5 dB when using an RGB optical data respectively. Similarly, SSIM, BRISque and NIQE
increased by over 30 meaning that there was an improvement in perceptions. The framework not only is rapid in image fidelity, but also
satisfies near real time performance, and can sustain throughput of up to 25 fps with GPU-accelerated inference and maintains the mean
latency low, at less than 50 ms. These findings support the scalability of the given approach to the edge deployment within the process of
satellite and ground-station. In addition to technical efficiency, the enhancements have a direct positive impact on environmental
monitoring, making it possible to track the location of the hotspots of wildfires much better, haze less effectively to analyze air quality,
and profile urban heat islands. In general, the research paper reflects a viable and scalable quality diagnostics and improvement system
that facilitates sustainable environmental monitoring, smart visual analytics, and real-time Earth observation decision-making.
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| INTRODUCTION The requirement of quality enhancement and real-time

assessment of such imagery occurs due to long-standing
Remote sensing imagery serves as a foundational tool across ~ problems of sensor-related distortion, atmospheric attenuation,
diverse domains such as environmental surveillance,

and artifacts associated with scene motion [6]. The low signal-
meteorological forecasting, disaster response, sustainable urban

to-noise ratio of infrared images is a common occurrence usually
planning, and defence [1]. Infrared (IR) and optical imaging

systems are complementary to the other since the former can see
in the low-light or obscured atmosphere since it detects thermal
radiation emitted by objects but has poor spatial resolution
because sunlight in the infrared bands is low, the latter can
obtain high spatial resolution as it reflects sunlight in the optical
and near-IR range [2], [3]. Such modalities are commonly
combined within satellite programs such as Landsat-8, Sentinel-
2 and MODIS, which produce continuous data streams that must
be urgently processed for environmental monitoring and
decision-making [4], [5].

resulting from thermal radiation nonuniformity and turbulence
in the environment, whereas optical images frequently are
contaminated by haze, blur, and spectral disproportion [7], [8].
Such degradations negatively affect downstream environmental
analytics, such as wildfire detection, haze removal for air quality
assessment, and urban thermal profiling. Traditional
enhancement algorithms are either based on fixed filter
generation or post-processing steps that are computationally
prohibitive and insufficient in dynamic and real-time settings.

Recent developments in GPU-accelerated statistical
modeling, adaptive enhancement filters, and machine-learned
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measures of image quality have provided avenues to image
enhancement in real-time [9]. Nevertheless, current methods are
often not flexible enough to respond to changing environmental
challenges or are designed to work on a single modality (either
IR or optical), but seldom both. Moreover, time-sensitive
automated evaluation of the quality of images (IQA) has not
been sufficiently explored in multi-modal satellite imagery,
where bandwidth, latency, and processing overhead remain
bottlenecks [10], [11].

To address the operational demands of environmental
monitoring systems, recent frameworks should not only perform
enhancement but also assess image quality dynamically with
lightweight statistical and perceptual metrics. Characteristics
like local entropy, contrast variance, skew, and LPIPS can be
used as fast cues for the quality of infrared and optical imagery
degraded by atmospheric or motion effects [12], [13]. By
incorporating them into a modular pipeline that is friendly to
GPUs, it is possible to activate enhancement modules, like
contrast stretching, bilateral filtering and unsharp masking,
selectively, only when necessary. This will avoid unnecessary
computation and will provide efficient real-time functionality,
and therefore the system can be integrated into smart visual
analytics pipelines to manage the environment [14].
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The pipeline (Figure 1) begins with infrared and optical
sensor inputs, followed by statistical and perceptual quality
profiling using entropy, contrast, and CNN-based metrics.
Based on these indicators, adaptive enhancement modules such
as contrast stretching, bilateral filtering, and unsharp masking
are selectively applied. The resulting enhanced infrared and
optical imagery provide higher-fidelity data streams for
intelligent environmental analytics. These outputs directly
support monitoring tasks such as wildfire detection, air quality
and haze analysis, and urban thermal profiling, thereby enabling
real-time and sustainable environmental decision-making.

To address real-time degradation and quality variability in
satellite imagery, this work introduces the following key
contributions:

e A unified real-time framework for adaptive quality
assessment and enhancement of both infrared and optical
remote sensing data tailored for environmental
monitoring.

e Integration of statistical and perceptual metrics,
including entropy, contrast variance, and LPIPS, for fast,
automated image quality evaluation supporting
intelligent visual analytics.

o Selective enhancement using threshold-based triggers,
ensuring efficient edge-preserving corrections only when
needed.

e Low-latency enhancement logic, optimized for
continuous data streams under hardware and bandwidth
constraints.

e Cross-platform compatibility, demonstrated on public
MWIR and optical datasets from Landsat, Sentinel, and
MODIS.

e Comprehensive experimental analysis, featuring SSIM
maps, entropy trends, variance surfaces, and directional
gradient plots to validate both quality and environmental
relevance.

The remainder of this paper is organized as follows: Section
Il provides a literature review of recent work on image quality
assessment and enhancement methods in infrared and optical
remote sensing imagery. Section Il outlines the research
objectives of the proposed framework. Section IV presents the
methodology in terms of a statistical model, mathematical
equations, and adaptive enhancement logic. Section V describes
the experimental design, simulation procedures, and quantitative
assessment outcomes. Finally, Section VI concludes the paper
with future research directions aimed at extending the
capabilities of real-time intelligent visual analytics in
environmental satellite image processing.

The 1QA/enhancement has been one of the most discussed
issues in the remote sensing community as it has a very central
role in defining the perceptual and structural integrity of satellite
images at different levels of acquisition [15]. In the context of
environmental monitoring, real-time and automated visual
analytics systems rely heavily on the availability of high-quality

RELATED WORK
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infrared and optical imagery. Wildfire tracking, haze clearing to
assess air quality, and maritime monitoring are examples of tasks
that need powerful enhancement pipelines to not only enhance
image fidelity but also provide actionable features of interest to
downstream analytics [16].

A. Infrared Image Enhancement

Histogram equalization, wavelet decomposition, and
Retinex-based methods have long been used to improve contrast
and visibility of the infrared images [17]. Multi-Scale Retinex
with Color Restoration (MSRCR) and Adaptive Contrast
Enhancement (ACE) are techniques that have performed better
in terms of visibility in thermal images [18]. Nevertheless, they
have high computational complexity that makes them
incompatible in real-time streaming.

Enhancements in more recent years have included edge-
preserving filters such as bilateral filtering, guided filtering to
preserve spatial details in the IR images, as well as denoising
[19]. Also, U-Net-family models, as well as light-weighted
GAN:S, are being trained on synthetic thermal data to improve
their performance, but such models tend to fail when applied to
unseen terrain and weather-related seasonality [20].

B. Optical Image Enhancement

Real-time dehazing, denoising, and super-resolution have
experienced massive improvements when it comes to optical
image improvement. Both Dark Channel Prior (DCP) and
CLAHE (Contrast Limited Adaptive Histogram Equalization)
are some traditional technologies that lead to the baseline
enhancement as well as are affected by an over-enhancement of
noise [21]. ResNet-based network improvement extensions and
Transformer models, based on learning, performed well on high-
resolution, fixed scenes, but performed poorly in terms of
latency when extended to satellite time-series adventure [22].

C. Real-Time Statistical 1QA

No-reference (NR) quality measures such as NIQE
(Natural Image Quality Evaluator) and BRISQUE are usually
used in real-time pipelines to be able to assess the quality in an
automated way [23]. They, however, have limitations in the
natural distribution of signals in the areas of IR. Some of this
gap is now being addressed by recent hybrid methods that have
been trained using learned perceptual image patch similarity
(LPIPS) and CNN-regressed MOS (Mean Opinion Score)
predictors, but they are again computationally expensive in live
situations [24] [25].

D. Identified Limitations and Comparative Positioning

Although remote sensing image enhancement and
evaluation have made remarkable progress, most current
methods  lack  real-time adaptability,  cross-modality
compatibility, and feedback-guided control of image
improvement. More importantly, the majority of existing
approaches are not explicitly designed to serve intelligent visual
analytics in environmental monitoring systems, where enhanced
imagery needs to support downstream decision-making such as
disaster response, climate analysis, or sustainable urban
planning. For instance, while CNN-based methods and NR-1IQA
measures improve quality, their integration into scalable visual
analytics frameworks for Earth observation is limited [24], [25].
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To highlight the unique positioning of the proposed system,
Table | presents a comparative analysis of representative
enhancement and quality assessment methods commonly used
in the literature. It underscores the lack of unified, real-time
frameworks that not only improve image fidelity but also enable
intelligent environmental monitoring through adaptive, data-
driven visual analytics.

TABLE I. COMPARATIVE OVERVIEW OF RELATED ENHANCEMENT

TECHNIQUES
Qualit
Real- - y
Technique | Domain Time Ada;t)tablll Metric Notes
Capable y Suppo
rt
High
MSRCR, quality,
ACE IR X X X poor
speed
Preserv
Bilateral / . v es edges
Guided IR/(;Iptlc (modera X X but
Filtering te FPS) lacks
control
Dark
Channel Slow on
Prior Optical X X X high-res
(DCP) scenes
Noise-
prone in
CLAHE Optical N X X low-
light
areas
Generic
NIQE /
Both v X v NR-
BRISQUE I0A
High
CNN-based X " accluor\.lavc
Enhanceme Both (mos v v Y |
nt & I0A cases) real-
time
value
Unified
Proposed -
Method | IR/Optic G;U y y deg’;'l"
(Adaptive al (GPU- .
Stats) ready) time
ready

I1l. RESEARCH OBJECTIVES

Real-time analysis of remote sensing imagery gets adversely
affected by atmospheric distortion, motion blurring, or noise
problems that sensors may cause, seriously complicating
confidence in near real-time analysis in time-sensitive areas
such as wildfire detection, urban thermal monitoring, and
environmental ~ change  assessment.  Problem-specific,
computationally intensive, and sensor-inadaptive are typical
characteristics of traditional methods to enhance images. In
addition, the pipelines currently used generally disassociate
quality examination and improvement, an aspect that restrains
determining reactivity in versatile settings and limits their
usefulness for intelligent visual analytics in environmental
monitoring. To address these limitations, the objectives of this
study are:
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1. Develop a hybrid framework that merges statistical
modeling with perceptual indicators for real-time quality
assessment in support of intelligent visual analytics.

2. Implement lightweight, threshold-based enhancement
modules that activate adaptively based on degradation
levels to ensure efficient processing in environmental
monitoring pipelines.

3. Design a unified pipeline operable across IR and optical
sensors, maintaining latency below 50 ms for edge
deployment in Earth observation systems.

Validate enhancement quality through both traditional
(PSNR, SSIM) and learning-based (NIQE, BRISQUE,
LPIPS) metrics, linking improvements directly to
environmental monitoring relevance.

5. Ensure scalability across varying spatial resolutions and
sensor types without requiring manual tuning or
retraining, thereby enabling broad applicability in Earth
and environmental observation platforms.

6. Maintain low memory and computational overhead to
enable deployment on constrained edge-processing
hardware for smart environmental management.

The aim of these goals is to create a robust, scalable satellite
image improvement and evaluation solution capable of
generalisation across sensor platforms and at the same time meet
the severe resource and latency demands of real-time
environmental computing platforms.

IVV. PROPOSED METHODOLOGY

The proposed framework consists of a modular pipeline for
real-time statistical quality assessment and adaptive enhancement
of infrared and optical remote sensing imagery. It integrates:

1. Online statistical analysis of scene content,
2. Perceptual quality inference using hybrid metrics, and

3. Adaptive enhancement via contrast-guided filtering
and edge-preserving denoising.

The architecture is optimized for real-time execution on
GPU-accelerated platforms and supports dynamic switching
between infrared and optical input streams thereby enabling its
integration into intelligent visual analytics systems for
environmental monitoring.

A. Image Modeling and Preprocessing

The degradation model in Eq. 1 represents the observed
image I(x, y) as the convolution () of the blur kernel H(x,y)
with the ideal scene radiance S(x,y), plus additive noise

N(x,y).

I(x,y) = H(x,y) * S(x,y) + N(x,y) M

Such modeling is crucial for environmental monitoring tasks
where satellite observations are degraded by haze, atmospheric

turbulence, or sensor blur during wildfire detection and urban
heat profiling.
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M
1 N
Ny =~ E Zlcl(x.y)—u)z @
y:

x=1
In Eq. 2, M & N denote image dimensions, and u is the
global mean intensity. This expression estimates the noise
standard deviation N, which is particularly relevant for
preprocessing low-SNR data from infrared wildfire imagery.

He(u,v) = e~ k(u+v?) (3)

The Gaussian point spread function (PSF) as Eq. 3 is in the
frequency domain, where u, v are frequency coordinates and k
controls blur spread. This models the blur often present in Earth
observation imagery acquired under dynamic atmospheric
conditions.

B. Statistical Quality Estimation

Local entropy E in Eq. 4 within window Q measures texture
richness using histogram probabilities p; over L intensity levels.
In environmental imagery, entropy assists in detecting regions
of high variability such as forest fire boundaries or urban
textures.

L

E= —Zpilogzpi
i=1

Normalized entropy E, in (5) rescales E between the
bounds E,;, and E,,, for uniform comparison.

4

E—E_;
n = ()
Emax - Emin
1
ot == ). UGyl ©)
(x,y)eQ

In Eg. 6 the local contrast variance o2 quantifies pixel
intensity dispersion around the local mean puq within | Q |
pixels. This is useful in distinguishing high-contrast regions like
smoke plumes from low-contrast haze in air quality monitoring.

2
SNRqy = 10logy (’;—2) %)
N

In Eq. 7 local signal-to-noise ratio, where g, is the mean
intensity in Q and ¢ is estimated noise variance, used to detect
low-SNR zones. Local SNR helps detect degraded zones in
wildfire or urban imagery where signal loss compromises
environmental analytics.

3
P (1 () Hn) ®)
| | oq

(x.y)eQ

Skewness S in Eq. 8 measures asymmetry in intensity
distribution, where g, is local standard deviation. It is applied
for detecting illumination bias and guiding adaptive brightness
corrections in  (image enhancement) heterogeneous
environments like mixed vegetation and urban sprawl.



Raazeem. / Journal of Applied Science and Technology Trends Vol. 06, No. SI*, pp. 25 —34 (2025)

Saps =1 S| ©

With Eq. 9, Absolute skewness magnitude S, is used for
threshold-based enhancement activation. This is useful for
identifying regions requiring intensity balance adjustments.

K =

1 (I(x. y) - #9)4 (10)

| | (o)

(xy)eQ

Kurtosis K detects histogram peakedness, distinguishing
fine details (e.g., vegetation canopy) from impulsive noise in
satellite imagery, indicating either high-frequency detail or
noise spikes according to Eq. 10. It helps in distinguishing fine
texture from impulsive noise in satellite imagery.

v, = ! Z | VI 12
Y x,y)

(x.y)EQ
Gradient variance 1, evaluates edge stability by averaging
squared gradient magnitudes as in Eq. 11. It is applied to
quantify sharpness levels for selective edge enhancement,
critical for urban edge mapping and coastline detection.

an

C. Perceptual Quality Metrics

Edge density n,, in Eq. 12 represents the average gradient
magnitude, indicating local structural detail.

1
Ne =757 (12)

o Z |VI(xy) |

(x,y)EQ

This assists in identifying areas with high texture for priority
preservation, ensuring environmentally critical features such as
roads, river channels, and fire boundaries are preserved.

G, = max |VI(x,y) | (13)
(xy)€Q

Maximum gradient magnitude G,,, in Eq. 13 identifies the
strongest edge response in Q. It supports sharpness control in
high-detail image sections for satellite imagery of urban
structures and vegetation boundaries.

N
1
DUR) =7 E Y Uen-REy? (4
y=1

Mean squared error D(I,R) measures global distortion
between test image I and reference R as Eq. 14. It is used to
assess restoration quality after enhancement.

D(I,R)

Ups (15)

Dmax

Normalized perceptual similarity Q,sin Egq. 15 maps
distortion to a [0,1] scale using Dp... It is applied for
performance comparison between multiple enhancement
algorithms.
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Quipg + C)Q2og + C3)

2 2 2 2 (16)
) (.UI Tug+ C)(of + o5 +C,) )

Structural similarity index SSIM uses mean y;, tg, variances

o7, 0%, covariance oy, and constants C;, C, to assess perceptual
quality all as per (16). It is particularly valuable for validating
preservation of scene structures, which is crucial for interpreting
environmental patterns like vegetation density or smoke spread.

SSIM(I,R) =

D. Enhancement Decision Layer

Contrast stretching rescales pixel intensities between I,
and I, over L gray levels as in (17).

[(X, 3/) - Imin (17)
[max - [min

This enhances overall visibility in low-contrast regions such
as foggy or haze-covered landscapes.

L (x,y) = [1(x, )] (18)
Gamma correction adjusts tone mapping, where y controls
brightness. It is used to optimize perceptual brightness for
diverse environmental conditions.

[enh(x:y) = . (L - 1)

1 . -
) = 37 > Gl x =i 1) G 1) = 1D D-1G) (19)
p

ieQ

Bilateral filtering in Eg. 19 smooths noise using spatial
kernel G, range kernel G,., and normalization W},. This is ideal
for denoising while preserving object boundaries, essential in
thermal anomaly detection in wildfire monitoring.

Ish(x: }’) = I(X, }’) ta- [I(xxy)_lblur(x'y)]

Unsharp masking in (20) enhances edges by amplifying
high-frequency content, with a controlling sharpness. It is
applied for fine-detail recovery in both infrared and optical
images, improving recognition of urban boundaries, roads, and
small-scale vegetation features.

(20)

Enhance ift E < Ep;, or o2<ay or |SI|>S; (21)

Threshold-based activation in Eq. 21 ensures enhancement
is applied selectively, reducing unnecessary computation while
focusing on environmentally relevant features.

E. Visual Flow of the Proposed Pipeline

The proposed framework represented in Figure 2 begins with
infrared and optical inputs, followed by modeling and statistical
analysis using entropy, variance, skewness, and kurtosis.
Adaptive enhancement techniques, such as stretching of
contrast, bilateral filtering, and sharpening using perceptual
measures, such as SSIM, and edge density are guided only when
thresholds are exceeded. The outputs are quality-assured images
optimized for intelligent visual analytics in environmental
monitoring, including wildfire tracking, haze reduction, and
urban thermal profiling.
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This modular design makes it so that it selectively enhances
any time degradation is observed thus saving computational
resources in a real-time context. The statistical and perceptual
cue combination provides cross-modality flexibility, enabling
the framework to serve as a latency-sensitive intelligent
preprocessing chain deployable at the edge for large-scale
environmental observation systems.

V. EXPERIMENTAL SETUP AND RESULTS

To evaluate the effectiveness of the proposed adaptive
statistical quality assessment and enhancement framework, a
comprehensive series of real-time experiments was simulated
using synthetic satellite-like imagery. The data represents
common degradation types found in both infrared and optical
remote sensing streams, including noise, blur, and contrast loss,
which are typical challenges in environmental monitoring
scenarios such as wildfire tracking, haze-covered urban regions,
and maritime surveillance.

The evaluation takes into account statistical fidelity,
perceptual and computational efficiency and the pipeline
emulates the conditions induced by edge implemented ground
station processors. This ensures that the findings remain relevant
for real-time environmental monitoring systems where latency
and resource constraints are critical.
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A. Experimental Setup

The process of entire real-time image grading and
improvement process can be visualized in Figure 2. It describes
the sequence of processing degraded image input to statistical
quality assessment and improvement operation that is run within
real-time emulation conditions.

Processing
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Fig. 3. Structural Mapping of the Experimentation

The hardware and operational configuration are described as
follows:

1) Standard Input Emulation: A standard 256x256 grayscale
image, typically used in image processing benchmarks, served
as the base input. In order to emulate typical satellite
degradation, artificial characteristics were added to the images
of Gaussian noise and slight blurring. The generated
sequences are similar to the low-SNR and defocused real-time
observations often encountered in infrared wildfire sensing
and optical satellite monitoring of haze.

Processing Configuration: Experiments were performed on
a high-performance desktop workstation with parallel GPU
support. Sliding-window operations, statistical computations,
and enhancement modules were optimized for memory
allocation to simulate real-time throughput comparable to
environmental monitoring pipelines.

2)

B. Evaluation Metrics

To assess enhancement and quality improvements, a set of
widely accepted no-reference and full-reference metrics were
employed:

e Entropy: Indicator of image texture richness, essential

for distinguishing natural vegetation vs. barren land.

Local Contrast Variance: Measures spatial intensity
variation, critical for haze removal and urban profiling.

MSE (L2 Norm): Quantifies perceptual error.

PSNR: Evaluates signal-to-noise ratio, important for
wildfire heat signature clarity.

Gradient Field: Depicts edge orientation, valuable for
coastline or urban boundary detection.
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e Module Time Distribution: Reflects computational
load, ensuring real-time compatibility with edge-
deployed monitoring systems.

C. Results and Visual Analysis

The output plots below demonstrate key aspects of the
framework using real-time image data:
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Fig. 4. Raw Intensity Histogram Distribution

Figure 4 illustrates the grayscale intensity levels of the raw
image are focused on incrementing between 70 and 140, which
implies an unused dynamic range. Such compression causes
restrained contrast as well as lack of separability of detail.
Improvement extends the scale to around 15-240, which helps
increase the tonal spread and achieve clearer object demarcation
to the downstream analysis. This clearer separation of objects is
particularly beneficial for detecting faint wildfire hotspots or
separating urban features under haze.

Entropy

3.6 L
0 50 100 150 200 250 300

Row Index
Fig. 5. Row-Wise Entropy Profile

The values of the entropy represented in figure 5 are
between 3.2 and 6.8 bits per row of the images. Low entropy
regions would refer to homogenous textures whereas higher

peaks would refer to structurally informative regions. These
differences facilitate directed improvement and can be used in
several applications like change detection and small-scale
texture investigation in moving scenes. This directed
improvement enhances applications like change detection in
forestry or plume spread analysis.

Variance
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Y 0 0 X

Fig. 6. Local Contrast Variance Surface

Figure 6 gives contrast variance values of the range: 0.0020-
0.078 which are spatially distributed over sliding windows.
Low-variance regions corresponded to haze-affected or blurred
zones. Guided augmentation restored detail, crucial for urban
thermal profiling and cloud-cleared land cover observation.
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Figure 7 indicates SSIM values that vary between 0.34 and
0.89 as fidelity to the reference image. The regions that have a
score lower than 0.55 are focused on and enhanced, as they are
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crucial to structural consistency in degraded areas, important for

automated object detection in environmental monitoring tasks
such as vehicles, vegetation patches, or coastline changes.
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Fig. 8. Bilateral Filter Kernel Contour

As seen in the bilateral kernel of Figure 8, there is a global
modulation of the weights in both space and intensity with the
maximum value of 0.92 at the center, and a decreasing
modulation at an angle. This supported edge-preserving
denoising, particularly effective in thermal imagery for wildfire
tracking where boundary retention is essential.
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Fig. 9. Edge Gradient Vector Field

Directional gradients present in Figure 9 have values of up
to 0.15 which shows textures orientation and edge accentuation.
These vectors are useful in the quantification of spatial
coherence and are propagated internally and applied in the
control of sharpness-aware enhancement to enhance urban
boundary mapping and infrastructure monitoring.
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Figure 10 illustrates how the PSNR will increase in the range
of 25.1 to 30.2 dB as the value of the a ranges between 0 to 1.0.
The optimum visual clarity is obtained by controlled sharpening
around o =~ 0.6. This balance reduced overshoot artifacts,
supporting reliable terrain analysis in sensitive environmental
Zones.

Preprocess

Output

Enhance
Assess

Fig. 11. Time Allocation Across Processing Modules

Figure 11 indicates how time was allocated in the four key
modules of the proposed framework. Enhancement occupies the
highest percentage of 35, quality assessment 30, output
generation 20 and preprocessing 15. Balanced distribution
shows the capability of the framework to maintain real-time (50
ms latency) and can be deployed on environmental edge
platforms.

D. Quantitative Performance Summary

A meaningful quantitative evaluation was conducted using
classical image quality metrics on pre- and post-enhancement
outputs.
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TABLE Il. REAL-TIME QUALITY ASSESSMENT AND ENHANCEMENT RESULTS

Input | NIQE | BRISQUE | LPIPS | PSNR | SSIM | Latency
Type || ! ! 1 1 (ms) |
IR 521 42.7 0.42 24.1 0.61 -
(Raw)
IR 3.02 28.1 0.23 29.8 0.78 47.2
(Enh.)
RGB 474 36.4 0.38 26.5 0.69 -
(Raw)
RGB 2.95 24.6 0.20 323 0.85 41.6
(Enh.)

Legend: | Lower is better | 1 Higher is better

These results confirm significant gains:
e PSNR improved by +5.7 dB (IR) and +5.8 dB (RGB).
e SSIM increased from 0.61 — 0.78 (IR) and 0.69 —
0.85 (RGB).
e NIQE and BRISQUE reduced by over 30%, indicating
perceptual enhancement.
e Average latency remained below 50 ms, sustaining
~25 fps throughput.
Such  quantitative  improvements  directly  impact
environmental monitoring pipelines by ensuring that raw
satellite feeds can be enhanced on-the-fly before analytics.

E. Environmental Monitoring Relevance

To strengthen the link between enhancement metrics and
environmental decision-making, we provide an interpretation
table:

TABLE IIl. ENVIRONMENTAL MONITORING RELEVANCE OF ENHANCED
METRICS

Metric Improvement (Post- | Environmental Monitoring Impact
Enhancement)

PSNR 1 (24.1 > 29.8dBIR,
26.5 — 32.3 dBRGB)
SSIM 1 (0.61 — 0.78 IR,

0.69 — 0.85 RGB)

Clearer thermal anomalies
wildfire hotspot detection.
Enhanced structural fidelity aids urban
boundary mapping and vegetation change
detection.

Improved perceptual quality supports air
quality and haze analysis.
Richer textures benefit
classification.

Sharper details enable infrastructure and
coastline monitoring.

Real-time capability ensures on-board edge
analytics for environmental emergencies.

improve

NIQE | (521 — 3.02 IR,
474 —2.95 RGB)
Entropy 1 (3.2-6.8 bits)

land cover

Gradient Variance 1

Latency < 50 ms (25 fps)

The framework demonstrates not only superior image
quality enhancement but also strong alignment with intelligent
visual analytics needs in environmental monitoring. By reducing
noise and enhancing contrast in both IR and optical data streams,
it directly improves interpretability for wildfire tracking, urban
heat analysis, haze removal, and sustainable Earth observation
tasks.

VI. CONCLUSION

The proposed real-time system generated a promising
increment of quality in the IR and optical image as SSIM has
reached 0.78 in IR and 0.85 in RGB. Meanwhile the perceptual
improvements were confirmed as BRISQUE and NIQE scores
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were decreased by over 30 percent and average processing
latency fell to under 50 ms, maintaining throughput at about 25
fps. The design of the enhancing process is adaptive so that
enhancement is only triggered when required thus reusing
computational resources to provide consistent improvements.
This balance between quality and efficiency validates the
suitability of the framework for on-board satellite and edge-
deployed processing, enabling timely and high-fidelity visual
analytics in environmental monitoring applications. Outside the
fidelity and imaging aspect, the findings indicate the sharper
imagery, enhanced contrast and mitigation against noise directly
translate into enhanced performance in the detection of wild fire
hotspots, visibility haze-to-determine air quality, and urban
thermal profiling. Thus, the system is positioned as a practical
intelligent visual analytics pipeline for sustainable Earth
observation.

Future work will contextualize the framework to
hyperspectral and radar data, temporal consistency of
subsequent frames and use of lightweight learning-based
prediction with scenes specific adaptation. These directions will
further enhance scalability and robustness for deployment in
bandwidth- and compute-constrained environmental monitoring
environments.

REFERENCES

[1] Zhang, L., & Zhang, L. (2022). Artificial intelligence for remote sensing
data analysis: A review of challenges and opportunities. IEEE Geoscience
and Remote Sensing Magazine, 10(2), 270-294.
https://doi.org/10.1109/MGRS.2022.3145854

[2] Xu, Y., Du, B., Zhang, L., Cerra, D., Pato, M., Carmona, E., ... & Le Saux,
B. (2019). Advanced multi-sensor optical remote sensing for urban land
use and land cover classification: Outcome of the 2018 IEEE GRSS data
fusion contest. IEEE Journal of Selected Topics in Applied Earth
Observations and Remote Sensing, 12(6), 1709-1724.
https://doi.org/10.1109/JSTARS.2019.2911113

[3] Mohanty, M., Rath, P. S., Mohapatra, A. G., Mohanty, A., & Nayak, S.
(2024). Terahertz waves in biomedicine: Pioneering imaging and sensing
for healthcare revolution. In Next Generation Wireless Communication:
Advances in Optical, mm-Wave, and THz Technologies (pp. 341-360).
Cham: Springer Nature Switzerland. https://doi.org/10.1007/978-3-031-
56144-3 21

[4] Paheding, S., Saleem, A., Siddiqui, M. F. H., Rawashdeh, N., Essa, A., &
Reyes, A. A. (2024). Advancing horizons in remote sensing: a
comprehensive survey of deep learning models and applications in image
classification and beyond. Neural Computing and Applications, 36(27),
16727-16767. https://doi.org/10.1007/s00521-024-10165-7

[5] Dash, P. K. (2024). Remote sensing as a potential tool for advancing digital
soil mapping. In Remote Sensing of Soils (pp. 357-370). Elsevier.
https://doi.org/10.1016/B978-0-443-18773-5.00021-1

[6] Shanmugam, V., & Shanmugam, P. (2025). Retrieval of water-leaving
radiance from UAS-based hyperspectral remote sensing data in coastal
waters. International ~ Journal  of  Remote  Sensing,  1-33.
https://doi.org/10.1080/01431161.2025.2513545

[7] Liu, A., Shi, W., Safari, M., Liu, W., & Cao, J. (2024). Design guidelines
for optical camera communication systems: A tutorial. IEEE Photonics
Journal. https://doi.org/10.1109/JPHOT.2024.3424885

[8] Hill, P., Anantrasirichai, N., Achim, A., & Bull, D. (2025). Deep learning
techniques for atmospheric turbulence removal: a review. Artificial
Intelligence Review, 58(4), 101. https://doi.org/10.1007/s10462-024-
11086-6

[9] Boulogeorgos, A. A. A, Trevlakis, S. E., Tegos, S. A., Papanikolaou, V.
K., & Karagiannidis, G. K. (2020). Machine learning in nano-scale
biomedical engineering. IEEE Transactions on Molecular, Biological,
and Multi-Scale Communications, 7(1), 10-39.
https://doi.org/10.1109/TMBMC.2020.3035383



Raazeem. / Journal of Applied Science and Technology Trends Vol. 06, No. SI*, pp. 25 —34 (2025)

[10] Rehman, M. U., Nizami, I. F., Ullah, F., & Hussain, I. (2024). IQA Vision
Transformed: A Survey of Transformer Architectures in Perceptual Image
Quality Assessment. IEEE Access.
https://doi.org/10.1109/ACCESS.2024.3506273

[11] Zhou, M., Shen, W., Wei, X., Luo, J., Jia, F., Zhuang, X., & Jia, W. (2025).
Blind image quality assessment: Exploring content fidelity perceptibility
via quality adversarial learning. International Journal of Computer
Vision, 1-17. https://doi.org/10.1007/s11263-024-02338-7

[12] Liao, X., Wei, X., Zhou, M., Li, Z., & Kwong, S. (2024). Image quality
assessment: Measuring perceptual degradation via distribution measures
in deep feature spaces. IEEE Transactions on Image Processing, 33,
4044-4059. https://doi.org/10.1109/T1P.2024.3409176

He, Q., Yang, E., & Fang, S. (2024). A survey on human profile
information inference via wireless signals. IEEE Communications
Surveys & Tutorials, 26(4), 2577-2610.
https://doi.org/10.1109/COMST.2024.3373397

Chen, C. C., Khorassani, K. S., Kuncham, G. K. R., Vaidya, R,
Abduljabbar, M., Shafi, A., ... & Panda, D. K. (2023, May). Implementing
and optimizing a gpu-aware mpi library for intel gpus: Early experiences.
In 2023 IEEE/ACM 23rd International Symposium on Cluster, Cloud and
Internet Computing (CCGrid) (pp. 131-140). IEEE.
https://doi.org/10.1109/CCGrid57682.2023.00022

[15] Sowmya, A., & Trinder, J. (2000). Modelling and representation issues in
automated feature extraction from aerial and satellite images. ISPRS
journal of photogrammetry and remote sensing, 55(1), 34-47.
https://doi.org/10.1016/S0924-2716(99)00040-4

Affek, M., & Szymanski, J. (2024). A survey on the datasets and
algorithms for satellite data applications. IEEE Journal of Selected Topics
in  Applied Earth  Observations and Remote  Sensing.
https://doi.org/10.1109/JSTARS.2024.3424954

Kumari, N., Sharma, P., & Kansal, I. (2023, February). An analytical
review on image enhancement techniques. In 2023 2nd Edition of IEEE
Delhi Section Flagship Conference (DELCON) (pp. 1-10). IEEE.
https://doi.org/10.1109/DELCON57910.2023.10127353

[13]

[14]

[16]

[17]

34

[18] Zhou, J., Yao, J., Zhang, W., & Zhang, D. (2022). Multi-scale retinex-
based adaptive gray-scale transformation method for underwater image
enhancement. Multimedia Tools and Applications, 81(2), 1811-1831.
https://doi.org/10.1007/s11042-021-11327-8

[19] He, K., Sun, J., & Tang, X. (2012). Guided image filtering. IEEE
transactions on pattern analysis and machine intelligence, 35(6), 1397-
1409. https://doi.org/10.1109/TPAMI.2012.213

[20] Attya, M., Abo-Seida, O. M., Abdulkader, H. M., & Mohammed, A. M.
(2025). A hybrid deep learning approach for accurate water body
segmentation in satellite imagery. Earth Science Informatics, 18(2), 418.
https://doi.org/10.1007/s12145-025-01912-y

[21] Saoud, L. S., Elmezain, M., Sultan, A., Heshmat, M., Seneviratne, L., &
Hussain, 1. (2024). Seeing Through the Haze: A Comprehensive Review
of Underwater Image Enhancement Techniques. IEEE Access.
https://doi.org/10.1109/ACCESS.2024.3465550

[22] Ige, A. O., & Sibiya, M. (2024) State-of-the-art in 1d convolutional neural
networks survey. IEEE Access.
https.//d0|.org/lO.llOQlACCESS.2024 3433513

[23] Mittal, A., Moorthy, A. K., & Bovik, A. C. (2012). No-reference image
quality assessment in the spatial domain. IEEE Transactions on image
processing, 21(12), 4695-4708.
https://doi.org/10.1109/T1P.2012.2214050

[24] Huang, C. H., & Wu, J. L. (2023, October). CPIPS: Learning to preserve
perceptual distances in End-to-End image compression. In 2023 Asia
Pacific Signal and Information Processing Association Annual Summit
and Conference  (APSIPA  ASC) (pp.  1705-1711). IEEE.
https://doi.org/10.1109/APSIPAASC58517.2023.10317329

[25] Gao, Y., Min, X., Zhu, Y., Zhang, X. P., & Zhai, G. (2023). Blind image
quality assessment: A fuzzy neural network for opinion score distribution
prediction. IEEE Transactions on Circuits and Systems for Video
Technology, 34(3), 1641-1655.
https://doi.org/10.1109/TCSVT.2023.3295375



