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ABSTRACT

Thanks to the intensive development of remote sensing systems, Earth observation has never been accessed at such a

scale, and thus, the urgency has been revealed to develop an effective and timely preprocessing response. Conventional

preprocessing techniques, mostly operating on physical models, are frequently computationally expensive, fixed, and

cannot be implemented in resource-constrained systems, such as satellites, unmanned aerial vehicles and edge devices.

Recent technological progress in artificial intelligence, and especially lightweight deep learning models, presents a potential

alternative since it provides adaptive, data-driven preprocessing at the cost of less computation. This review provides

an in-depth discussion of the design and implementation of lightweight AI-based real-time preprocessing platforms for

remote sensing imagery. It analyzes the basic properties of remote sensing data, important preprocessing activities, and

how model-driven and data-driven approaches can be changed to each other. The paper goes on to discuss lightweight AI

methods, such as model compression and efficient architecture, and system-level design considerations, such as hardware

platforms, edge and cloud integration, and pipeline optimization. Practical challenges and opportunities are presented with

references to the real-life situations in disaster monitoring, precision agriculture, and urban analytics. This work is a novel
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one due to its holistic approach, which focuses on the introduction of the innovation of algorithms and the deployment of

systems. Lastly, future directions are mentioned to help formulate scalable, efficient, and robust preprocessing structures.

Keywords: Remote Sensing; Real-Time Preprocessing; Lightweight AI; Edge Computing; Image Enhancement

1. Introduction

Remote sensing images have become an inseparable

part of data to comprehend and deal with the surface and

atmosphere of the Earth [1]. As satellite constellations, un-

manned aerial vehicles (UAVs), and high-resolution sensors

keep improving in speed, the amount, speed, and types of

remotely sensed data have increased exponentially [2]. Such

data can be applied in vast fields of critical use, such as

monitoring the environment, precision agriculture, urban

planning, disaster response, and national security. Nonethe-

less, although the quality of sensors is increasingly avail-

able, raw images of remote sensing are usually marred by

many degradations, including atmospheric interference, sen-

sor noise, geometric distortion, and cloud contamination [3].

Therefore, preprocessing is a key functionality that can be

used to make downstream analysis processes (classification,

object detection, and change detection) accurate and reliable.

Conventionally, remote sensing imagery preprocess-

ing has been based on physically meaningful models and

rule-based algorithms. Radiometric calibration, atmospheric

correction, geometric correction, and filtering are some of

the techniques that have been widely studied and standard-

ized [4]. Although these methods are good, they are usually

computationally costly, sensor-based, and cannot be used to

generalize over a wide range of environmental conditions.

More to the point, the traditional pipelines of preprocessing

usually assume offline processing in centralized computing

systems and hence lead to severe latency and restrict their

usability in real-time or near-real-time [5].

Artificial intelligence (AI) and especially deep learn-

ing have become a potent paradigm in recent years and are

used to solve complex tasks in image processing [6]. Notable

studies are showing that data-driven models have achieved

significant performance in denoising, super-resolution, cloud

removal, and image enhancement, and have been shown to

be more accurate and robust than conventional approaches.

These AI-based models are capable of learning implicit rep-

resentations of noise distributions, atmospheric effects, and

spatial-spectral correlations directly using data, eliminating

the need to manually design models [7]. Consequently, the

remote sensing workflow is starting to be enhanced with

AI-based preprocessing.

Nevertheless, the majority of the available AI models

in remote sensing preprocessing are computationally inten-

sive and resource-consuming [8]. State-of-the-art deep neural

networks typically contain millions of parameters and need

high-performance GPUs to perform inference, which cannot

be deployed on resource-limited systems like onboard satel-

lite processors, edge devices, and UAV systems. Meanwhile,

the need to have real-time processing features is increasing.

The use of disaster tracking, border patrol, and precision

farming, among others, needs real-time data interpretation

so that the decision-making process can be prompt [9]. The

fact that current AI models have computational requirements

that this world cannot fairly meet is a major challenge.

Lightweight AI is an idea that has been becoming more

and more popular in order to fill this gap. Lightweight mod-

els are also created to reduce the complexity of computers in

terms of computational, memory, and energy costs without

compromising on acceptable performance. Pruning of mod-

els, quantization, distillation of knowledge, and the creation

of efficient network structures (e.g., MobileNet, ShuffleNet,

and EfficientNet neuroarchitectures) have allowed the use

of AI models on edge devices [10]. Used in remote sensing

processing, lightweight AI provides the possibility of vari-

ous complicated enhancement and correction operations at

the point of origin, thus minimizing transmission costs and

providing real-time analytics [11].

Regardless of these breakthroughs, the design and re-

alization of a lightweight AI-based real-time preprocessing

system for remote sensing imagery are under-researched in

the literature. The literature tends to look at specific pre-

processing functions (e.g., denoising or super-resolution)

or specific model terms, but not the overall problem of the

end-to-end system [12,13]. Moreover, there are no systematic

reviews that combine algorithmic design with system-level

aspects, including hardware limitations, pipeline architecture,
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optimization of pipelines, and real-time capabilities of per-

formance. Such fragmentation prevents the implementation

of operational, practical solutions that can be implemented

in the remote sensing systems that will be operational.

The present review will serve to address this gap by

offering a systematic and extensive discussion of the design

and implementation of lightweight AI-driven preprocessing

systems for real-time remote sensing applications. In contrast

to other previous reviews, which focus mainly on the algo-

rithmic performance, this work assumes a more holistic view

that involves the model-level innovations and system-level

integration. In particular, it analyzes the methods through

which lightweight AI methods can be efficiently integrated

with edge computing platforms, optimized software systems,

and scalable data streams in an effort to attain real-time per-

formance with limited resources [14].

This new article has a novelty in many aspects. One,

it provides a single approach to comprehend remote sens-

ing preprocessing both algorithmically and system design-

wise to overcome the dichotomy between theory and imple-

mentation [15]. Second, it gives a comprehensive taxonomy

of lightweight AI methods applied to the preprocessing of

remote sensing, with their opportunities, limitations, and

trade-offs [16]. Third, it highlights real-time processing needs,

such as latency, throughput, and energy efficiency, which

have been generally neglected in the literature on the sub-

ject [17]. Fourth, it explains practical implementation plans

on various hardware platforms such as embedded GPUs, FP-

GAs, and onboard satellite processors with a discussion on

the practical challenges of implementation in the real-world

situation [18]. Lastly, it indicates the developmental trends,

including TinyML, self-supervised learning, and federated

learning, and discusses how the three have the potential to

enrich lightweight, real-time preprocessing systems [19].

This review intends to pinpoint all the new develop-

ments in recent AI, remote, and edge computing to act as

a solid reference point for researchers and practitioners in

creating the next generation of preprocessing systems. It not

only describes the state of the art presently but also gives

the open issues of challenges and a research avenue for the

future to enable smarter, more efficient, and scalable remote

sensing processes. Figure 1 shows the overall conceptual

framework of the paradigm of lightweight AI-driven real-

time preprocessing reviewed in the current article.

Figure 1. Overall framework of a lightweight AI-driven real-time preprocessing system for remote sensing imagery, showing the

relationship among data acquisition platforms, preprocessing modules, edge/cloud execution, and downstream applications.
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2. Fundamentals of Remote Sensing

Preprocessing

2.1. Overview of Remote Sensing Data Charac-

teristics

Remote sensing imagery is also intrinsically complex

because of the variety of sensing modalities, acquisition ge-

ometries, and conditions of the environment in which the

data is being sampled. Remote sensing data are often charac-

terized by high spectral dimensionality, large spatial extent,

and change over time, unlike traditional natural images [20].

These are the features that present distinct challenges to pre-

processing since the data is not only large-scale, but also

heterogeneous spatially and spectrally.

Optical images, such as multispectral and hyperspectral

data, are images that reflect the solar radiation of various

wavelengths, which allows the study of land cover and prop-

erties of materials [21]. In particular, hyperspectral imagery

has hundreds of spectral bands, one right after another, which

contain a lot of information but also expose it to noise and re-

dundancy. Synthetic Aperture Radar (SAR) imagery, on the

other hand, works in the microwave band and can cut through

clouds and record images in all weather conditions [22]. Nev-

ertheless, the use of SAR images is associated with speckle

noise and the complicated backscatter processes, making

preprocessing tasks more difficult. Third, there is also the

introduction of thermal infrared imagery (and LiDAR data),

which has a different noise model and needs to be calibrated

differently.

The heterogeneity of sensor types and acquisition con-

ditions makes the data inconsistent in radiometric, geometric,

and spectral properties. Atmospheric scattering, changes in

illumination, sensor drift, and platform motion are some of

the factors that cause distortions and should be fixed before

analysis [23]. Furthermore, the proliferation of data due to

the growing use of small-scale satellites and UAV-based sen-

sors with different resolutions and quality levels has only

highlighted the importance of bringing to the fore strong

and flexible preprocessing methods. These basic properties

are key to the development of preprocessing systems that

can be generalized in terms of their datasets and application

environments. Table 1 summarizes the major remote sens-

ing modalities, data characteristics, and the preprocessing

challenges associated with these modalities.

Table 1. Major remote sensing data types, representative distortions, preprocessing requirements, and associated challenges.

Data Type Characteristics
Common

Distortions/Noise

Preprocessing

Requirements
Challenges

Optical

(RGB/Multispectral)

High spatial resolution,

limited spectral bands

Atmospheric scattering,

illumination variation

Radiometric &

atmospheric correction

Sensitive to clouds and

lighting

Hyperspectral
High spectral resolution

(hundreds of bands)

Sensor noise, redundancy,

spectral distortion

Denoising, dimensionality

reduction

High computational

complexity

SAR
All-weather, day-night

capability

Speckle noise

(multiplicative)

Speckle filtering,

geometric correction
Complex noise distribution

Thermal Infrared
Temperature-sensitive

measurements

Sensor drift, calibration

errors
Radiometric calibration Low spatial resolution

LiDAR 3D point cloud data
Missing points,

measurement noise
Registration, interpolation

Data sparsity and

irregularity

2.2. Core Preprocessing Tasks and Their Phys-

ical Foundations

The classical approach to preprocessing in remote sens-

ing has been based on physical models that characterize what

happens when electromagnetic radiation interacts with the

surface and atmosphere of the Earth [24]. One of the major

steps is radiometric correction, which attempts to convert raw

digital numbers into physically meaningful values, which

might be reflectance or radiance [25]. This process considers

sensor calibration, the state of illumination, and sensor degra-

dation with time. Although radiometric correction is firmly

established, its quality requires the calibration parameters

of sensors and the assumption concerning the atmospheric

conditions.

Further atmospheric correction is used to correct the

data to remove scattering and absorption by atmospheric con-

stituents (aerosols, water vapor, gases, etc.) [26]. Radiative

transfer equations are frequently employed as physical mod-

els, but they need a suitable estimation of atmospheric param-
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eters, which are not always readily available, or sometimes

hard to measure in real-time. Consequently, atmospheric

correction continues to be a major source of ambiguity with

regard to preprocessing pipelines.

Geometric correction and image registration refer to

the spatial distortions that are due to sensor motion, Earth

curvature, and terrain variation [27]. These operations include

matching images to a shared coordinate system, usually with

ground control points and digital elevation models. Although

the geometric correction is essential to multi-temporal and

multi-sensor analysis, it is computationally expensive and

vulnerable to control point selection errors. Another crucial

preprocessing activity, especially that of SAR and hyper-

spectral data, is noise reduction. More classic methods of

filtering, including Gaussian smoothing and median filter-

ing, are common but give up on fine-scale detail and spatial

resolution. More complex methods, such as adaptive and

non-local filters, also aim at maintaining structural details

whilst removing noise; they have complex parameter tuning.

Spotting and elimination of clouds is also an especially

difficult issue in optical remote sensing. The clouds cover

the surface of the Earth and create a big uncertainty in the

analysis downstream. The classical techniques are based

on thresholding and spectral indices, which are usually not

reliable under different light conditions and in the atmo-

sphere [28]. On the same note, super-resolution and image

enhancement methods seek to enhance spatial and spectral

quality, although they are normally limited by the physical

and computing resources of sensors.

Although these classical preprocessing tasks cannot

be ignored, they are commonly considered so that they are

entirely autonomous and result in fragmented pipelines that

are challenging to optimize as a whole. Further, they are

constrained by explicit physical models, which restrict their

flexibility to a wide range of changing environments.

2.3. Transition from Model-Driven to Data-

Driven Approaches

The drawbacks of conventional model-driven prepro-

cessing have promoted the use of data-driven methods, es-

pecially machine learning and deep learning methods [29].

In contrast to the physically-grounded methods, data-driven

techniques are trained to learn mappings directly on observed

data, and can therefore learn complex and nonlinear relation-

ships that are hard to express in an explicit model.

Denoising, cloud removal, atmospheric correction, and

super-resolution are some of the tasks in remote sensing

preprocessing that have been successfully addressed using

deep learning models [30]. CNNs can take advantage of the

spatial context and hierarchical representations of features;

they are very appropriate in image restoration operations [31].

Most recently, transformer-based designs have appeared to

represent long-range dependencies and spectral correlations,

especially in hyperspectral images.

The major benefit of data-driven methods is that they

can be generalized to new sensors and new environmental

conditions, in case there is enough training data [32]. Or, as an

example, learning-based atmospheric correction models are

able to implicitly capture the effects of complex scattering

without necessarily estimating the parameters. Equally, deep

denoising models are able to change to other noise distribu-

tions, such as the multiplicative noise of an SAR imagery.

Nevertheless, there are obstacles to the change towards

data-driven preprocessing. Deep learning models can take

substantial quantities of labeled data, which can be difficult

and costly to find in remote sensing [33]. Moreover, these

models may be domain sensitive, i.e., alterations in sensor

properties or geographic ranges, which will cause poor per-

formance in actual applications [34]. Lack of interpretability

is another vital concern because data-driven models are usu-

ally black boxes; it is not easy to determine their reliability

in safety-critical applications.

Nevertheless, methods of data-driven integration into

preprocessing pipelines are a change of paradigm, as they

make solutions more flexible and adaptive [35]. The most im-

portant question is how to reconcile the advantages of model-

driven and data-driven methods, which may be achieved by

hybrid frameworks that integrate physical knowledge with

learnt representations. These structural differences between

traditional sequential preprocessing and AI-based integrated

preprocessing are compared in Figure 2.

2.4. Evaluation Metrics and Performance

Trade-Offs

When analyzing preprocessing techniques in the do-

main of remote sensing, one cannot help but pay close at-

tention to the quality of data as well as the efficiency of

computation. Fidelity of reconstructed images is often deter-
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mined by traditional image quality metrics, including, but not

limited to, peak signal-to-noise ratio (PSNR) and structural

similarity index (SSIM) [36]. In the case of hyperspectral data,

spectral angle mapper (SAM) and similar measurements give

a measure of spectral distortion, which is extremely impor-

tant in matter identification applications.

Figure 2. Schematic comparison between traditional model-driven preprocessing pipelines and AI-driven preprocessing frameworks for

remote sensing imagery.

Although these measures are effective, they do not

provide a complete picture of the effect of preprocessing

on downstream activities. Considering the example, a high

PSNR image can still have ineffective classification perfor-

mance when the significant features are distorted [37]. In turn,

task-based evaluation, when the performance of the subse-

quent analysis tasks is measured, is becoming more defined

as a more important measure.

Computational efficiency has also become a primary

issue to be considered in addition to accuracy, especially in

real-time and resource-constrained contexts [18]. Inferences,

latency, throughput, memory usage, and energy consump-

tion metrics are important in determining the viability of

preprocessing systems. These measures can be said to be

dependent, and they give rise to complicated trade-offs. An

example is that to achieve higher accuracy in a model, it is

common to have a larger and more complex architecture,

which increases the cost and latency of computation.

Scalability is another factor to consider. Remote sens-

ing data can be extremely large, and the preprocessing sys-

tems should be able to process high volumes of data without

major performance deterioration [38]. This is essential, espe-

cially when dealing with satellite constellations that produce

streams of information on a continuous basis. Preprocessing

method evaluation is therefore a multi-dimensional optimiza-

tion problem that is composed of accuracy, efficiency, robust-

ness, and scalability. Current research tends to concentrate

on part of these measures, resulting in partial evaluations.

The next generation of preprocessing systems should be de-

veloped with the help of a more complex evaluation scheme.
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2.5. Limitations of Conventional Preprocessing

Pipelines

Nevertheless, traditional preprocessing pipelines have

several inherent weaknesses that prevent them from being

generalized to contemporary remote sensing systems. One

of the major problems is that they are not flexible [39]. The

traditional techniques tend to be specific to a particular sen-

sor or environmental condition and thus are hard to gen-

eralize to a wide range of datasets. The problem of this

limitation is especially acute in monitoring globally, as in-

formation is gathered on various platforms with different

properties.

The other constraint is the sequential and modular con-

struction of a conventional pipeline [40]. The individual stages

of preprocessing are generally done individually, without

looking at any relationship between the stages. This dissec-

tion can result in less-than-optimal performance, where the

errors added at each step can be passed on and increase in

other steps. In addition, the end-to-end optimization cannot

be achieved, and hence it is hard to generate a consistent

performance across the tasks.

Computational complexity is an important considera-

tion as well [41]. Most of the existing traditional preprocess-

ing algorithms require either iterative optimization or com-

plicated physical models, which are computationally pro-

hibitive and cannot be applied in real-time. Consequently,

preprocessing can be done offline, creating latencies that

cannot be tolerated in time-critical systems like disaster

response. Moreover, standard pipelines do not target the

current hardware architecture. They do not frequently take

advantage of parallel processing of GPUs and other special-

ized accelerators, so they do not optimally use resources.

This is a weakness that is magnified by the fact that remote

sensing systems are shifting towards edge and onboard pro-

cessing.

Lastly, the increasing need for real-time analytics re-

veals the weakness of the current preprocessing methods [42].

The delay incurred with the traditional approaches can be

significant, especially when information needs to be manipu-

lated and acted upon within a number of seconds or minutes.

It is this issue that new paradigms are necessary that combine

algorithmic efficiency and system-level optimization.

2.6. Toward Integrated and Real-Time Prepro-

cessing Paradigms

There has been an increasing push towards integrated

and real-time systems that bring together developments in

AI, edge computing, and system design because of the draw-

backs of the traditional preprocessing method [14]. Instead of

considering preprocessing a set of discrete operations, new

models strive to combine several functions into one, end-

to-end streamlined pipeline. By doing this, it is possible to

jointly optimize various preprocessing goals, which can lead

to the enhancement of accuracy and efficiency. Real-time

preprocessing needs a change in the design philosophy, where

low-latency inference, efficient resource use, and changes in

accordance with the dynamic conditions are parameters of

focus. In this regard, lightweight AI models are highly im-

portant because they allow complex processing operations to

be carried out on resource-constrained devices [43]. However,

real-time performance is not only a design concern but also

requires data flow optimization, memory management, and

hardware optimization.

The development of edge computing has seen it as a

major facilitator of the real-time preprocessing of data that

can be processed nearer to the source [44]. This will minimize

the amount of data to be sent to the centralized servers, re-

sulting in low latency and bandwidth requirements. When it

comes to remote sensing, edge computing may be deployed

on the satellites, UAVs, or ground stations with their respec-

tive restrictions and opportunities [45]. Although this has been

advanced, there are many challenges. Assuring strong re-

sistance and generalization in dynamic environments is a

significant issue, especially in AI-based approaches. Also,

the processing modules and heterogeneous data sources re-

quire standard interfaces and interoperability frameworks. It

is the existence of such challenges that will be important in

the development of viable, scalable preprocessing systems.

To conclude, the traditional model-driven remote sens-

ing preprocessing is transforming into significant, integrated,

AI-driven models of remote sensing and preprocessing that

value real-time performance and system-level efficiency [46].

Such a shift preconditions the creation of lightweight pre-

processing systems that will be discussed in the following

sections.
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2.7. Systematic Taxonomy of Remote Sensing

Preprocessing Tasks

We suggest a three‑level hierarchical classification of

all fundamental preprocessing tasks based on their physical

purpose, mathematical formulation, and impact on down-

stream tasks. We suggest a three-level hierarchical taxonomy

of basic preprocessing tasks, organized by physical purpose,

mathematical formulation, and impact on subsequent tasks.

This taxonomy allows for a common language across var-

ious task types and provides a common set of criteria for

evaluating tasks.

The first level is radiometric correction, which attempts

to transform raw sensor digital numbers into physically mean-

ingful radiometric quantities, such as reflectance or radi-

ance. These can include radiometric calibration to correct

for sensor-specific gain and offset variations, atmospheric

correction to remove scattering and absorption effects from

atmospheric constituents such as water vapor and aerosols,

and illumination normalization to account for topographic

and solar angle variations. These tasks have in common that

they are represented as linear or nonlinear transformations

of pixel values, and that the degradation factors are typically

sensor- and environment-dependent [47,48].

The second level is geometric correction for spatial

distortion caused by sensor motion, Earth curvature, terrain

relief, and platform instability. It includes geometric recti-

fication, in which image coordinates are transformed to a

standard map projection; orthorectification, which corrects

for relief-induced displacements using a digital elevation

model; and image registration, which aligns multiple images

of the same scene taken at different times or by different

sensors. These are essentially spatial transformation prob-

lems, and the need for accurate ground control points or tie

points is inherent. However, more recent work inAI has con-

sidered learning-based registration without explicit feature

matching.

The third level is for enhancement and restoration ap-

plications that improve visual quality or recover lost informa-

tion but do not change the geometric or radiometric charac-

teristics of the data. This category encompasses denoising of

optical images (where the dominant noise source is additive

Gaussian or Poisson noise), speckle filtering of synthetic

aperture radar data (where the dominant noise source is mul-

tiplicative and depends on the signal), cloud detection and

removal (where the noise consists of masking of obscured

pixels and reconstruction of the underlying surface image),

super‐resolution (where the signal is reconstructed from a set

of lower‐resolution inputs), and deblurring (which involves

removal of motion or optical blurring). These tasks involve

ill-posed inverse problems with a crucial role for domain

knowledge and learned priors.

Different degradation models exist for each task in this

taxonomy and directly impact the design of lightweight AI

solutions. Typically, the transformations used to make ra-

diometric corrections can be represented as linear, either

globally or locally, and can be handled easily by simple con-

volutional or even fully connected networks. In the context

of geometric corrections, efficient alternatives to traditional

interpolation methods, such as spatial transformer networks

and differentiable warping modules, have been proposed.

Residual learning, attention, and generative models have

been transferred to efficient architectures like MobileNet

and EfficientNet for enhancement tasks.

Importantly, the taxonomy is supported by a consistent

evaluation framework used at each of the three levels. Signal

fidelity measures such as peak signal-to-noise ratio, struc-

tural similarity index, and the spectral angle mapper assess

reconstruction quality. Computational metrics, including in-

ference latency, floating-point operations, memory footprint,

and energy consumption, assess real‑time suitability. Task-

specific metrics, such as downstream classification accuracy

or object detection precision, assess the usefulness of the

outputs from the preprocessing steps. With the aid of this

taxonomy and its unified criteria, researchers can systemati-

cally evaluate methods across various deployment scenarios

and preprocessing tasks [49,50].

3. Lightweight AI Techniques for

Real-Time Preprocessing

3.1. Conceptual Foundations of LightweightAI

in Remote Sensing

Lightweight artificial intelligence has become a trend

of innovation in light of increasing calls to apply deep learn-

ing models in resource-constrained settings [51]. Lightweight,

when applied to remote sensing preprocessing, does not just

confine itself to the notion of reduced model size, but rep-

resents a more general set of design requirements, such as
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low computational complexity, small memory footprint, low

energy use, and low inference latency [52]. These limitations

are especially important in edge platforms, including satel-

lites, UAVs, and embedded ground stations, in which the

computational resources are restricted, and power efficiency

is the key factor.

Lightweight AI focuses on the balance between per-

formance and resource consumption, unlike the traditional

models of deep learning, which are based on accuracy with-

out respect to efficiency [53]. This tradeoff is particularly

significant when doing preprocessing jobs where the aim of

the work is not always to generate semantically rich products,

but to improve data quality in a manner that is useful at the

end-user level. This means that tolerance to minor accuracy

trade-offs can be greater, as long as the preprocessing can be

executed on scale, and in real time.

Systems Lightweight AI allows transitioning to decen-

tralized, edge-based systems, compared to the existing, cen-

tralized cloud-based systems [54]. This change minimizes the

need for transmission of data and enables preprocessing to

be closer to the source of data, and hence reduces the latency.

Nonetheless, this demands a balance between co-designing

algorithms and hardware, as well as a trade-off between the

complexity of models and their accuracy and their constraints

on deployment. Therefore, lightweight AI cannot be consid-

ered merely as a collection of methods, but rather as a design

philosophy that transcends the entire preprocessing pipeline.

3.2. Model Compression and Optimization

Techniques

One of the basic practices of attaining lightweight AI

is model compression, where the goals are to minimize the

size and the computational demands of deep neural networks

without necessarily compromising performance [55]. Curing,

quantization, and knowledge distillation are some of the most

popular methods with their unique strengths and drawbacks.

Pruning is the process of eliminating unnecessary or unnec-

essary parameters in a trained network. Pruning Structured

pruning is specifically applicable to real-time preprocessing,

since it results in more efficient implementations on hard-

ware accelerators. Aggressive pruning may, however, lead

to loss of important information, particularly in an activity

like hyperspectral denoising that requires fine spectral de-

tails to be maintained. In addition, repetition of retraining is

frequent due to pruning, and this also complicates the model

development process.

Quantization is a type of model parameter and acti-

vation quantization that decreases the precision of model

parameters and activations, usually decreasing as the num-

ber of bits, such as an 8-bit integer [56]. Such a reduction

will greatly reduce memory usage and infer more quickly on

hardware that implements low-precision arithmetic. Quanti-

zation can be very useful in remote sensing preprocessing,

especially in image processing and cloud-finding, where the

dynamic range of features can be represented with reduced

precision. However, the quantization can cause numerical

instability, especially in high dynamic range models, like the

SAR images.

Knowledge distillation is the transfer of knowledge be-

tween a large, high-performing teacher model and a smaller

student model [57]. It is especially attractive in the context

of preprocessing operations, and in this setting, small-scale

models can be used to estimate the performance of more

complicated architectures. Nevertheless, the success of dis-

tillation is dependent on the teacher model selection and the

correspondence between training and deployment factors.

This alignment is not trivial in remote sensing when the data

distributions may have radically different shapes.

These techniques have shown great potential, but their

use in the pre-treatment of remote sensing must be adapted

with great caution. Table 2 gives a comparative overview

of the key strategies to optimize lightweight, alongside the

advantages, drawbacks, and applicability to real-time imple-

mentation of each. Due to the peculiarities of remote sens-

ing data, e.g., the high spectral dimensionality and sensor-

specific noise patterns, task-based compression methods are

needed [58]. An unsophisticated use of generic compression

techniques can cause unacceptable loss in data quality, which

is why domain-specific optimization is necessary.
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Table 2. Comparison of representative lightweight AI techniques for remote sensing preprocessing, including core principles, advantages,

limitations, and real-time suitability.

Technique Principle Advantages Limitations
Suitability for

Real-Time

Pruning Remove redundant parameters
Reduces model size, faster

inference

Accuracy degradation if

over-pruned
High

Quantization Lower precision representation
Reduced memory and energy

usage
Numerical instability Very High

Knowledge Distillation
Transfer knowledge to smaller

model

Maintains performance with

smaller model
Requires teacher model High

Efficient Architectures

(e.g., MobileNet)
Lightweight design by default Low FLOPs and latency

Limited representation

capacity
Very High

Neural Architecture

Search (NAS)
Automated model design Optimized for hardware/task High search cost Medium

3.3. Efficient Neural Network Architectures

In addition to post hoc compression, neural network

architecture design is also of great importance in lightweight

AI. MobileNet, ShuffleNet, and EfficientNet are architec-

tures that have made efficiency a major concern, including

depthwise separable convolutions, group convolutions, and

compound scaling to minimize computation costs [59].

These architectures also provide a prospective base to

construct lightweight models in the remote sensing prepro-

cessing setting. Depthwise separable convolutions are much

lower in terms of parameters and operations than regular

convolutions, and are applied in tasks like denoising and

super-resolution [60]. Yet they are susceptible to the capabil-

ity to capture spatial and spectral correlations, which can

be more complicated in remote sensing data as compared

to natural images. Most recent work has also examined the

use of a lightweight transformer architecture that tries to

model long-range dependencies at low computational cost.

Models that integrate convolutional and transformer architec-

tures are known to be promising in applications to the fields

of hyperspectral reconstruction and cloud removal. These

frameworks combine the advantages of the two paradigms,

where convolutional layers are employed to extract local

features, and attention is employed to model global features.

However, the computational cost of attention mechanisms is

an issue, especially with high-resolution images.

The second factor that should be considered is the con-

figuration of architectures for particular preprocessing tasks.

As an example, lightweight variants of U-Net have been ex-

tensively applied to tasks of restoring images, as they have

an encoder-decoder architecture and skip connections [61].

These models can find a balance that exists between effi-

ciency and performance by minimizing the channels and

layers. At the same time, their capacity to rebuild finer de-

tails, which are important to the downstream analysis, can

be restricted due to excessive simplification.

In general, efficient architecture design is a demanding

task that needs a delicate awareness of the task demands

and the nature of remote sensing data. Although the general-

purpose lightweight models will make a handy first step,

the domain-specific adjustments are frequently needed to

achieve the best results.

3.4. Task-Specific Lightweight Models for Pre-

processing

Various preprocessing tasks have different require-

ments on the design of the model, and task-specific vari-

ations of lightweight AI techniques should be used [62]. In

denoising, the models should be effective in reducing noise

without losing fine spatial as well as spectral detail. The

residual learning and attention mechanisms are frequently

used to make lightweight denoising networks efficient at

representing features and are typically used to improve over-

all efficiency. The difficulty is, however, to deal with the

various types of noises, like the Gaussian noise in optical

imagery and the multiplicative speckle noise in SAR data.

Another group of difficulties is cloud detection and

removal, where the complex and variable patterns of clouds

are involved [63]. The models used to perform these tasks

are often lightweight models that are based on semantic seg-

mentation, but need to be optimized to achieve very strong

latency requirements. Less sophisticated encoder-decoder

structures and low-resolution processing are often employed,

although they can adversely affect accuracy, especially with

bright or semi-transparent clouds.

Tasks that involve super-resolution and image enhance-
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ment involve models that rebuild high-frequency features

using low-resolution images. Lightweight super-resolution

networks can employ effective up-sampling algorithms and

smaller feature maps in order to reduce the computation

cost. But these models should take care of the trade-off be-

tween reconstruction of details and the generation of artifacts

that may hurt downstream work. The data of hyperspectral

preprocessing have a high dimensionality that creates more

complexity. Lightweight models need to be able to manip-

ulate both spatial and spectral information and may need

special architecture, like 3D convolutions or spectral atten-

tion [64]. It is still a challenge to reduce the computational

burden of these operations and still perform them at the same

level of performance.

One important lesson observed in all these tasks is

that it is impossible to decouple lightweight design and task

requirements. An optimized model that is good at one pre-

processing task might not translate well to a different prepro-

cessing task; thus, the importance of modular and adjustable

frameworks. In addition, the ability to combine several pre-

processing operations into a single lightweight model is also

a field of ongoing study, and much can be done to increase

its efficiency and consistency [65].

3.5. Trade-Offs between Accuracy, Efficiency,

and Robustness

The creation of lightweight AI models is by definition

a tradeoff between conflicting goals [66]. Although simplifi-

cation of models increases efficiency, they usually reduce

accuracy as well. This trade-off should be handled carefully

in remote sensing preprocessing because even minor deterio-

rations in data quality may be transferred to its downstream

work and impact the performance of the entire system.

Compression or architectural simplification that is used

to gain efficiency can also affect robustness [67]. Lightweight

models can also be less adaptable to changes in data distri-

bution, e.g., sensor characteristics or environmental condi-

tions. This is an especially troublesome constraint in remote

sensing, where information is observed under a variety of

ad hoc and changing conditions. To achieve robustness in

lightweight models, it is important to implement methods

that include data augmentation, domain adaptation, and un-

certainty estimation.

The other significant trade-off is the one between gener-

alization and specialization [68]. The highly specialized mod-

els can perform very well on particular tasks or databases,

yet they cannot be used in other situations. On the other hand,

more general models can trade task-specific performance for

generalizability. Regarding real-time preprocessing, these

two strategies would depend upon the target deployment

environment and the needs of the application.

Another dimension to this trade-off space is added

through energy efficiency [69]. Power consumption is a major

constraint on edge devices, having an impact on model and

hardware design, as well as system architecture. Dynamic

model scaling and adaptive inference are techniques that

can be used to optimize both the performance and the en-

ergy consumption, but introduce additional complexity to

the system.

Finally, to design lightweightAI models for preprocess-

ing remote sensing, a multifaceted approach should be used,

taking into account multiple objectives at the same time [70].

Instead of maximizing one metric, researchers have to find

solutions to a multidimensional design space, where the so-

lutions can provide an acceptable tradeoff between accuracy,

efficiency, robustness, and scalability.

3.6. Benchmarking and Standardization Chal-

lenges

Although a major advancement has been made in

lightweight AI, benchmarking and standardization are some

of the key challenges of the discipline. In the literature, vari-

ous datasets, performance metrics and controlled conditions

are usually applied, so it is hard to compare the findings and

determine the actual efficiency of the methods suggested.

This is especially an issue with remote sensing, where data

range and use needs are diverse. Lightweight models should

be benchmarked based on not only on the measure of accu-

racy, but also on the measure of computational efficiency in

realistic deployment settings [71]. Latency, throughput, and

energy consumption metrics have to be evaluated on target

hardware platforms, as opposed to using theoretical estimates

only. But these are usually left out because of the complex-

ity of experimental arrangement and the non-existence of

standard protocols.

The other problem is the reproducibility of the re-

sults [72]. Most of the studies lack adequate information

regarding model architecture, training processes, or deploy-
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ment infrastructure, which makes it difficult to duplicate and

apply the work of other researchers. This is a further prob-

lem in the context of an AI with a lightweight, where even

minor implementation details can make a big difference in

performance. Additionally, benchmark data corresponding

to real-life scenarios, e.g., sensor type differences, noise, and

environmental changes, are required. Recent datasets tend

to be narrower, concentrating on a particular task or loca-

tion, which does not reflect the complexity of an operational

situation.

It is necessary to solve these issues through the con-

certed efforts of the research community to create standard

benchmarks, protocols to evaluate them, and open-source

implementations. This would allow closer comparisons to

be made and enable the creation of efficient, lightweight

preprocessing solutions.

3.7. Emerging Directions in Lightweight AI for

Remote Sensing

Lightweight AI is a developing field, and a number of

directions are currently emerging that have the potential to

support remote sensing preprocessing. Integration of neural

architecture search (NAS) is one of those directions, and

it automates the creation of efficient models depending on

the tasks and hardware limitations [73]. NAS can potentially

find new architectures that are better than those of the manu-

ally designed models, but its cost is a limitation. The other

potential field of use is in the creation of TinyML, which

aims at executing machine learning models on low-power

systems [74]. Even though TinyML is still in its infancy, it

may allow even the smallest of systems, including nanosatel-

lites and sensor nodes, to perform preprocessing. In order

to meaningfully perform on such constraints, however, this

demands considerable innovation both in algorithms and

hardware.

Unsupervised and self-supervised methods of learning

are also becoming popular when it comes to minimizing the

use of labeled data [75]. These techniques have the ability

to utilize large amounts of unlabeled remote sensing data

to train strong feature representations that can be reused for

preprocessing tasks. The method is specifically applicable

to remote sensing, where the labeled data may be limited.

Lastly, the intersection of lightweightAI and edge computing

and distributed learning systems, including federated learn-

ing, creates new prospects for scalable and privacy-aware

preprocessing systems. These methods have the potential

to enhance the performance of the models and address con-

straints of data in the face of distributed learning across the

nodes.

Conclusively, lightweight AI methods play the central

role of facilitating real-time preprocessing in remote sens-

ing. Although a lot of progress has already been achieved,

more research is still required to overcome all the issues of

efficiency, strength, and standardization to enable a practical

and scalable implementation.

4. System Design and Implementa-

tion for Real-Time Processing

4.1. End-to-EndArchitecture of Real-Time Pre-

processing Systems

The actual implementation of a lightweight AI-based

preprocessing system for remote sensing imagery demands

the careful coordination of an end-to-end architecture for

data acquisition, processing, and transmission under a tight

latency requirement [76]. Real-time systems are continuously

required to run on streaming data, unlike traditional offline

pipelines, which often have dynamic environments and op-

erational conditions. This requires a transition from an inert,

batch-based design to a pipe-based design, capable of pro-

cessing data in small segments effectively.

An example of a real-time preprocessing system starts

at the data acquisition point, where sensor platforms on other

satellites, UAVs, or on the ground acquire raw imagery [77].

This information is further subjected to a preprocessing mod-

ule where tasks like denoising, correction, and enhancement

are done before it is sent to the downstream analytics or

storage systems. The main issue is to reduce the interval

between acquisition and output, and still have a reasonable

data quality for further work. In order to do this, the new

architecture of systems is embracing the streaming and paral-

lel processors paradigm. Data are broken into smaller units,

or tiles, or patches that can be processed individually and si-

multaneously. Not only does this strategy minimize memory

needs, but it also provides an opportunity to enjoy hardware

resources. It, however, comes with a difficulty regarding

boundary artifacts and the consistency between tiles, espe-

cially when working on tasks that need global context, such
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as atmospheric correction or cloud removal.

The other important issue in system design is the prepro-

cessing and downstream tasks integration [78]. Preprocessing

is no longer a separate step but a component of an end-to-end

pipeline in many applications, which also includes detec-

tion, classification, or change analysis. These stages can

be optimized together to achieve greater total performance

and result in a more complex system. It is thus necessary to

design modular and, at the same time, interoperable compo-

nents so as to ensure a degree of flexibility and scalability.

4.2. Edge Computing versus Cloud-Centric Ar-

chitectures

One of the main design choices that should be made in

real-time preprocessing systems is the decision between edge

computing and cloud-based processing [79]. Conventionally,

remote sensing data have been sent to centralized servers to

be processed, which has taken advantage of the computing

capabilities and storage capacity of the cloud infrastructures.

Although this method is very accurate and flexible, it has

great latency and bandwidth needs, which are becoming un-

sustainable with the size of the present-day remote sensing

data.

Edge computing can help to overcome these shortcom-

ings by preprocessing the data nearer to the data source (on a

satellite, UAVs, or ground station) [80]. This paradigm mini-

mizes the transmission data required to be sent, and response

time is quicker, and communication resources are used more

efficiently. As an example, onboard preprocessing can be

used to filter irrelevant or low-quality data before transmis-

sion, thus reducing the bandwidth used by a great margin.

But edge computing puts stringent requirements on pro-

cessing units, power, and thermal control [81]. Lightweight

artificial intelligence models will be required here, but their

implementation should be optimized to correspond with the

capabilities of the target hardware. Moreover, edge devices

may be used in harsh and changeable conditions that may

influence the reliability and performance of the system.

On the other hand, cloud-based architectures may still

be useful in those activities that demand high computational

capabilities or access to big datasets [82]. The combination

of these two types of processing through hybrid techniques

is thus on the rise. In these systems, the first stage of pre-

processing is done at the edge to minimize the volume of

data and latency, and more complex or computationally in-

tensive tasks are deployed to the cloud. This autonomy of

labor demands efficient data synchronization and commu-

nication schemes, along with mechanisms for the dynamic

assignment of tasks under the circumstances of the system.

The decision on edge, cloud, or hybrid architecture is

therefore not binary but rather is based on the needs of the

application, available infrastructure, and operational limita-

tions. One of the most important research problems is the

development of adaptive systems that can easily switch be-

tween these modes in order to maximize their performance.

4.3. Hardware Platforms and Deployment Con-

straints

The implementation of real-time preprocessing systems

is essentially limited by the performance of the supporting

hardware. Hardware platforms in remote sensing use can

be high-performance servers and GPUs, embedded systems,

and accelerators with unique attributes and constraints [18].

Embedded GPUs include those used in edge devices

and UAVs, and provide a trade-off between computing power

and energy efficiency [83]. They are friendly to parallel pro-

cessing and well-suited to executing deep learning models,

especially low-latency optimized models. Their memory

and power efficiency are, however, lower in comparison

to data centre GPUs, requiring very careful model design

and optimization. Another beneficial platform for real-time

preprocessing is field-programmable gate arrays (FPGAs).

This is due to the reconfigurable architecture that enables the

implementation of specific algorithms in new ways and thus

makes them highly efficient and low-latency. FPGAs are

especially useful in fixed-function tasks (e.g., filtering and

geometric transformations). FPGAs are, however, difficult

to program and specialized knowledge is needed, which may

restrict their availability.

The most efficient but least flexible is the application-

specific integrated circuits (ASICs). ASICs can be engi-

neered to handle particular workloads in order to perform

better and consume less energy than any other device [84].

ASICs are also starting to be considered in satellite payloads

as onboard processors in the field of remote sensing. They

are, however, inadequate in terms of flexibility and, as such,

not so suited to quickly changing AI models and algorithms.

Hardware reliability and robustness are the other significant
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factors that should be considered in the operational environ-

ment. The extreme conditions that satellites and UAVs can

endure are temperature variations, radiation exposure, and

mechanical strains. All these can influence the performance

of the hardware as well as the accuracy of the models, and

this requires a strong system design and verification.

Finally, the hardware platform selection has a two-fold

effect on the algorithm and software design as well as the

viability of real-time preprocessing. Comparison of key

hardware platforms deployed in real-time remote sensing

preprocessing; Table 3 lists the main comparisons of the

hardware. To achieve optimal performance, co-design ap-

proaches, i.e., the simultaneous optimization of hardware

and software, are therefore necessary.

Table 3. Comparison of major hardware platforms for real-time remote sensing preprocessing in terms of computational capability,

energy efficiency, flexibility, use cases, and constraints.

Platform
Computational

Capability

Energy

Efficiency
Flexibility Typical Use Case Limitations

CPU Moderate Moderate High Ground stations Limited parallelism

GPU (Embedded) High Moderate High UAVs, edge devices Power consumption

FPGA High (customizable) High Medium Real-time pipelines Complex programming

ASIC Very High Very High Low Satellite onboard processing Lack of flexibility

Edge AI Chips (e.g., NPUs) High Very High Medium Mobile/edge AI Limited compatibility

4.4. Software Frameworks and Model Deploy-

ment Pipelines

The practical implementation of lightweight AI mod-

els used to perform real-time preprocessing is strongly de-

pendent on software frameworks to optimize, execute, and

integrate the model [85]. The tools to convert and optimize

models and run them on different hardware platforms include

frameworks such as TensorRT, ONNX Runtime, TensorFlow

Lite, and PyTorch Mobile. These models facilitate various

optimization methods such as graph simplification, operator

fusion, and hardware-based acceleration. They allow exe-

cuting high-level model representations more quickly and

consuming fewer resources by converting them into effi-

cient execution graphs. The success of such optimizations,

however, is determined by the compatibility of the model

architecture with the target hardware.

Model deployment pipelines usually have different

stages, such as model training, model compression, model

conversion, and validation [86]. The stages present possible

causes of error and performance degradation. As an example,

the transformation of a model between different frameworks

can result in differences in numerical accuracy or an inabil-

ity to perform certain operations. The consistency of these

stages is important in the reliability of the models. The other

crucial thing is the runtime management that is scheduling

the model execution, managing the allocation of memory,

and input/output operations. In real-time systems, these ac-

tivities should be undertaken at low overhead to prevent

bottlenecks. Asynchronous execution and pipeline paral-

lelism are some of the techniques that are usually employed

to enhance efficiency.

In spite of having advanced frameworks, the implemen-

tation of AI models in real-world remote sensing systems is

still not easy [70]. Problems like compatibility, scalability, and

maintainability have to be addressed, especially when it is

deployed on a large scale or long-term. The building of com-

mon deployment workflows and tools is hence a significant

research field.

4.5. Pipeline Optimization and Data FlowMan-

agement

To have real-time performance in preprocessing sys-

tems, it is not just the efficient models that should be used but

also the optimized data pipelines. Data flow management

is a process of coordinating the flow and transformation of

data within the system in order to ensure that every process

is both efficient and free of unnecessary delays [87].

Parallel processing is one of the most important opti-

mization techniques of the pipeline since several steps in the

pipeline are performed simultaneously [88]. As an example,

when a denoising model is being trained to process a single

image tile, another image tile can be processed to perform

geometric correction. This calculation overlap minimizes

idleness and enhances throughput. Nonetheless, it should

be handled with close concurrence so as to maintain the

consistency of data and prevent race conditions. Streaming
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architectures additionally improve efficiency since they do

not have to wait till the entire datasets are available, but they

can work on the incoming data. This method is especially

suitable when dealing with continuous streams of data from

satellites or UAVs. Nevertheless, streaming presents buffer-

ing, latency management, and error correction issues that

need to be resolved with sound system design.

Another important factor is memory management, es-

pecially where resources are limited [89]. Effective utilization

of memorymay play a vital role in the performance of the sys-

tem since the complex data transfer between the memory and

the processing units may turn out to be a bottleneck. Data

compression, tiling, and in-place processing are the com-

mon techniques that are employed to alleviate this problem.

Distributed systems are also important in load balancing,

whereby the processing tasks are spread to several devices or

nodes. Maintaining the aspect of ensuring that every node is

at its optimum capacity and not a bottleneck is a complicated

issue, especially in dynamic environments where data rates

and system conditions might be fluctuating.

In general, an optimization of pipelines has to be a

whole ecosystem where both data flows and computations

are taken into account [17]. Failure to focus on one may result

in an inefficient performance, although there might be high

efficiency of individual components.

4.6. Real-Time Constraints: Latency, Through-

put, and Energy Efficiency

The property of real-time preprocessing systems is the

possibility to fulfill the high-performance requirements, such

as latency, throughput, and energy consumption [90]. Latency

is defined as the amount of time it takes to process one unit

of data, whereas throughput is a metric that indicates how

many units are processed per unit. These metrics usually go

hand in hand, and one may improve the other. Latency is the

most important issue in most remote sensing applications,

especially when time is an issue, as in disaster monitoring

or surveillance. To obtain a low latency, it is necessary to

reduce the computational and communication delay, which

in turn must be achieved through effective model design,

hardware acceleration, and efficient data pipelines.

In high-volume data cases, throughput becomes a crit-

ical factor, e.g., the constant satellite imaging [91]. Process-

ing of large volumes of data should not be constrained by

systems, and this necessitates scalable architectures and

resource-efficient operations. There are more effective tech-

niques, like batching and parallel processing, which can en-

hance the throughput, but they can also cause extra latency,

which is why a thorough analysis of trade-offs is paramount.

Another important factor to be taken into account is energy

efficiency, especially in edge devices and onboard systems.

The constraints of power restrict the models and continuous

execution time. The concept of energy-efficient design not

only tries to optimize the models and hardware, but it also

deals with system-wide aspects of the cooling and power

distribution.

To provide a balance between these constraints, a clear

picture of system dynamics and the requirements of the ap-

plication is necessary [92]. Practically, optimum performance

can be attained with repetitive tuning and improvement, and

through the application of monitoring and feedback mecha-

nisms to control system behavior in real time.

4.7. Integration with Downstream Remote

Sensing Applications

The end product of preprocessing is to optimize the

performance of the downstream applications, namely object

detection, classification, and change detection [93]. Conse-

quently, the design of preprocessing systems should take into

account how they affect these operations, as opposed to how

they affect intermediate image quality measures.

The current tendencies are directed at the unification of

preprocessing and analysis into common systems, at unified

optimization of both stages [94]. As an example, end-to-end

learning may include preprocessing modules as part of a

larger network that permits gradients to pass throughout the

pipeline. This integration is possible to provide better per-

formance of the tasks; however, it also complicates models

and makes them harder to train. Interoperability with current

geospatial information systems (GIS) and data standards is

another factor to be considered. Downstream tools and work-

flows need to be compatible with preprocessed data, and

may enforce a particular format or coordinate system. This

compatibility is another complexity added to system design.

In addition, the dynamic character of the real-life applica-

tions demands that the preprocessing systems be flexible and

receptive. As an example, the system might need to give pri-

ority to some areas or activities in evolving disaster situations

114



Journal of Environmental & Earth Sciences | Volume 08 | Issue 08 | August 2026

that are evolving. Such dynamic configuration and control

mechanisms are needed to ensure that such adaptability is

incorporated.

Altogether, the creation of real-time preprocessing sys-

tems and their design is a complicated mixture of algorith-

mic, hardware, and system-level considerations [70]. With the

combination of light AI methods and optimization of archi-

tectures and deployment solutions, it can result in efficient

and scalable solutions satisfying the demands of the modern

remote sensing applications. Figure 3 shows a unified edge

cloud collaborative architecture of real-time remote sensing

preprocessing and downstream analytics.

Figure 3. Edge–cloud collaborative architecture for lightweight AI-driven real-time preprocessing, showing data flow from acquisition

platforms to edge inference, communication layers, cloud processing, and application outputs.

5. Applications and Case Studies

5.1. Role of Real-Time Preprocessing in Oper-

ational Remote Sensing

The growing need to obtain timely and actionable infor-

mation has transformed preprocessing into a mission-driven

provision of remote sensing systems rather than a preparation

phase for operational systems. Preprocessing in traditional

workflows can be done offline, which tends to cause delays

that do not support real-time decision-making. But with a

higher shift in the remote sensing applications to continuous

monitoring and rapid response, real-time preprocessing of

imagery becomes imperative [5].

Real-time preprocessing also provides the opportunity

to improve the quality of raw data immediately and then use

more reliable inputs in downstream analytical models [95]. It is

especially crucial in those situations when the decisions have

to be made within strict time limits, e.g., disaster response

or surveillance. Preprocessing systems can have a direct and

direct impact on the quality and strength of the validity and

reliability of the following analysis by reducing noise and

distortions, and by countering atmospheric effects in-situ.

Besides, real-time preprocessing enables the effective

management of data through filtering and compression of

data before transmission [5]. Since the bandwidth of commu-

nicating with the satellite is limited, or UAVs are limited in

bandwidth, sending only meaningful and preprocessed in-

formation may greatly enhance the efficiency of the system.

This is of particular importance in a large-scale monitor-

ing system where the data volumes may easily overwhelm

storage and transmission capabilities.

Although it is important, there are serious challenges

associated with the integration of real-time preprocessing

into working systems. These involve the ability to assure
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consistent performance under varied conditions, reliability

of the system, as well as balancing between the constraints of

computing and the quality of data. To solve these challenges,

a high level of algorithms is needed, and the system should

be designed and validated.

5.2. Disaster Monitoring and Emergency Re-

sponse

Disaster monitoring and emergency response is another

field in which real-time preprocessing has proven to be sig-

nificantly effective [96]. Floods, wildfires, earthquakes, and

hurricanes are some of the events that need prompt evalua-

tion in order to inform the rescue efforts and allocation of

resources. The remote sensing offers a distinct perspective

on this kind of monitoring, yet the value of the collected

information relies on the speed and the quality of the prepro-

cessing.

SAR imagery can also be applied in other fields, such as

flood monitoring, because it can cut through cloud cover and

work in any weather condition [97]. Nevertheless, the speckle

noise and geometric distortions influence SAR data, and it is

necessary to deal with them prior to the completion of flood

mapping. Denoising and correction models of lightweight

AI-based algorithms can work with SAR images nearly in

real time, enabling the responders to promptly locate the

affected regions. Likewise, during wildfire detection, optical

images need to be processed in order to help increase contrast

and eliminate atmospheric interference. Online cloud-cutting

and image-enhancement systems can be used to enhance the

visibility of fire lines and smoke columns, facilitating better

identification as well as tracking. Onboard pre-processing

of data on UAVs or satellites makes the latency even lower,

and timely information is delivered to ground teams.

One important lesson that we learnt during these appli-

cations is that the quality of preprocessing directly influences

the results of decision-making [5]. False or slow preprocess-

ing may cause the wrong interpretation of data, which may

result in unproductive or even destructive acts. Thus, the

importance of these systems is not the speed but rather their

robustness and reliability.

Nevertheless, the disaster situations also shed some

light on the weaknesses of the existing methods [98]. The

issues of data heterogeneity, highly dynamic conditions, and

the absence of ground truth data are major challenges to AI-

based preprocessing models. It is an open research question

to make lightweight models capable of generalizing between

such conditions.

5.3. Precision Agriculture and Environmental

Monitoring

Another field of application of real-time preprocessing

is precision agriculture. Crop health, soil conditions, and

irrigation requirements are broadly monitored using remote

sensing images [99,100]. Nevertheless, the usefulness of such

applications relies on the quality of the input data, which

is usually impacted by noise, weather conditions, and sen-

sor variations. Real-time preprocessing can help the farmer

monitor agricultural fields continuously and make decisions

concerning fertilization, irrigation, and pests on time. As

an illustration, the lightweight AI models can be used to

conduct an atmospheric correction and noise removal on-

the-fly so that vegetation indices like NDVI are calculated

correctly [101]. This is especially useful when using UAV

systems where data are gathered at a high rate and must be

processed in real time.

Real-time preprocessing is also applicable in environ-

mental monitoring applications such as the tracking of de-

forestation, water quality, and air pollution [102]. Time-series

data used in such situations are forced to identify long-term

trends, and, therefore, a consistent and reliable preprocessing

is necessary on two or more observations. The preprocessing

can be standardized with the help of lightweight AI models,

which will enhance the comparability of outcomes. Nev-

ertheless, there are also difficulties in scalability and gen-

eralization that are identified with these applications. The

agricultural and environmental conditions are diverse by re-

gion and season and few models can be designed to work

in the same way. Further complicating preprocessing, there

is the integration of multisource data, e.g., integration of

optical and SAR images.

One of the main findings is that, besides the improved

quality of the data, real-time preprocessing also allows mak-

ing adaptive decisions [103]. These systems have the potential

to assist in efficient and sustainable management of the natu-

ral resources by ensuring they have the right information at

the right time.
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5.4. Urban Monitoring and Smart City Appli-

cations

Cities offer specific solutions and opportunities that

present real-time remote sensing preprocessors. Some of the

applications of high-resolution images include traffic control,

infrastructure evaluation, and town planning [104]. The infor-

mation in these applications needs to be accurate and time-

limited, which might be on fine spatial and temporal scales.

The large data volumes that are related to urbanmonitor-

ing require real-time preprocessing. Indicatively, UAVs used

in traffic surveillance produce continuous streams of high-

resolution images that need to be computed on the fly to iden-

tify vehicles and interpret traffic patterns [105]. Lightweight

AI models make it possible to perform efficient denoising,

geometric correction, and enhancement, as well as to make

downstream detection algorithms efficient. Remote sensing

data are typically combined with other data in smart city

applications, including IoT sensors and geographic infor-

mation systems. Preprocessing is an important process in

guaranteeing consistency and compatibility of data in these

sources. As an example, to track remote sensing imaging, it

needs an accurate geometric correction in order to reconcile

the remote sensing imaging data with the pre-existing maps

and infrastructure data [105].

The other factor is that of real-time responsiveness.

Other applications, like emergency traffic management

or infrastructure monitoring, need real-time information,

and this can only be realized with effective preprocessing

pipelines [106]. Nevertheless, preprocessing models face a

lot of difficulties due to the complexity of the urban set-

ting, which comprises occlusions, shadows, and dynamic

variations.

At the system level, city applications tend to use dis-

tributed architecture in which data are computed on both

ends of a graph, at edge devices and cloud computing server

nodes [107]. The need to ensure a smooth integration and syn-

chronization of these components is important in promoting

system performance.

5.5. UAV-Based and Onboard Satellite Prepro-

cessing Systems

The usage of preprocessing systems on UAVs and satel-

lites is a breakthrough in the use of remote sensing tech-

nology. These systems can radically decrease latency and

bandwidth requirements by doing preprocessing on the plat-

form where the data is being collected. The UAV-based

systems are especially suitable in real-time systems, since

the systems have a relatively low altitude, and can offer

high-resolution imagery with adaptable coverage. UAVs can

have lightweight AI models deployed on-board embedded

processors to assist in tasks like denoising, enhancement,

and preliminary analysis. This can be used in search and

rescue, precision agriculture, and infrastructure inspection

by allowing quick decisions to be made in these fields [108].

There is a further drawback in onboard satellite pre-

processing because of the high power, memory, and com-

putational limitations [109]. Nevertheless, with current inno-

vations in equipment and lightweight artificial intelligence,

preprocessing in orbit has become more possible. Onboard

systems may, for instance, eliminate cloud-covered pictures

or do prior correction before sending information to ground

stations and save on the amount of data transmitted. The

onboard preprocessing has a critical benefit in the form

of relevancy-based prioritization of data transmission [110].

These systems can use limited bandwidth more effectively

by transmitting only high-quality or high-priority data over

a limited communication bandwidth. Nonetheless, this de-

mands effective preprocessing models that can be used in

various and unforeseeable conditions.

The use of onboard systems also presents significant is-

sues of reliability, maintainability, and upgradability despite

these advantages. Hardware and software upgrades are hard

or impossible after deployment, which requires well-tested

and robust designs. This limitation explains why lightweight

and efficient models capable of working over long distances

are important.

5.6. Comparative Analysis of Traditional and

AI-Driven Preprocessing

Replacement of traditional with AI-based preprocess-

ing is a paradigm change in remote sensing processes.

Physically-modeled, handwritten algorithms provide inter-

pretability and familiar behavior but tend to be less flexible

and efficient. On the other hand, AI-based strategies are

more flexible and perform better, but they come with issues

of interpretability and generalization [111,112].

Comparative analysis has indicated that AI-based tech-
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niques can usually beat conventional ones in activities like

denoising and removing clouds, especially in harsh or noisy

conditions. But these improvements are not always equally

applicable [113]. In other situations, old methods can also of-

fer more stable and predictable outcomes, particularly where

physical models are well-characterized. Computationally,

AI-based approaches can be more efficient to run on a partic-

ular hardware, in particular, with lightweight architectures.

The initial training and optimization of such models, how-

ever, can be resource-intensive, and their implementation

must be sensitive to the hardware and software limitations.

The other distinction that is important is that of inte-

grating preprocessing and downstream tasks [114]. The AI-

inspired methods are more susceptible to end-to-end opti-

mization, which allows the joint preprocessing and analysis

learning. This integration may help to achieve better over-

all performance; however, it also makes the systems more

complex.

Finally, the decision between the conventional and AI-

based preprocessing is not a black-and-white one. Integration

The integration of both paradigms is also taking a promising

path as hybrid approaches that involve the strong elements of

both paradigms. An example is the ability to makeAI models

more interpretable and robust through physical constraints,

and to make traditional methods more flexible and efficient

with the help of AI.

5.7. Deployment Challenges and Practical Con-

siderations

Although the promise of lightweight AI-based prepro-

cessing systems can be seen, their implementation is associ-

ated with many challenges [70]. Data heterogeneity is one of

the main problems because data provided by the remote sens-

ing are collected by different sensors with diverse features.

It is necessary to have models that are able to generalize

in order to ensure that the results of the preprocessing are

comparable across these datasets.

The second problem is that there is no labeled data to

train and validate [112]. Ground truth data is very limited or

non-existent in most instances, especially when it comes

to preprocessing (atmospheric correction). This restriction

requires the application of unsupervised or self-supervised

methods of learning, which are in a state of active devel-

opment. Reliability in the system is also one of the critical

issues, especially in mission-critical systems. Preprocessing

systems have to work with different conditions, and under

varying conditions, they should be able to work continu-

ously and implement the necessary error-handling and fault-

tolerance mechanisms. Moreover, the preprocessing may be

complicated to integrate with a current workflow and infras-

tructure, and needs thorough planning and standardization.

Last but not least, the ethical and regulatory issues have

to be considered, especially when using such applications

with surveillance or sensitive data [115]. The privacy of data

and the ability to adhere to regulations are other challenges

to system design and deployment. To sum up, the use of

lightweight AI-based real-time preprocessing systems has a

very broad field of use, and each area has its own require-

ments and challenges. These application context differences,

differences in preprocessing priority, and system differences

are listed in Table 4. Although a lot has been achieved, more

research and development are required in order to overcome

the still existing challenges and fully utilize the potential of

these systems in the operational environment.

Table 4. Representative application scenarios of lightweight AI-driven real-time preprocessing systems, including data types, preprocess-

ing priorities, real-time requirements, and operational constraints.

Application Data Type Preprocessing Tasks
Real-Time

Requirement
System Constraints Impact

Disaster Monitoring SAR, Optical Denoising, cloud removal Very High
Low latency, high

reliability
Rapid response

Precision Agriculture Multispectral
Atmospheric correction,

enhancement
High Edge deployment Crop optimization

Urban Monitoring High-res optical
Geometric correction,

denoising
High High throughput Smart city analytics

Environmental

Monitoring
Multisource

Standardization,

enhancement
Medium

Long-term

consistency
Sustainability insights

UAV Surveillance Optical Real-time enhancement Very High
Power & memory

limits

Immediate

decision-making
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6. Conclusion and Future Perspec-

tives

6.1. Assessment of Insights

This review has exploited the changing nature of re-

mote sensing preprocessing in terms of lightweight artificial

intelligence and real-time system design. An analysis indi-

cates the obvious shift from classical pipelines, which are

model-oriented, to integrated, data-driven models that focus

on efficiency, adaptability, and deployment feasibility. Pre-

processing, which used to be a pre-processing task, has been

realized to be a key enabling factor for sound remote sensing

analytics.

One of the key lessons is that the efficiency of prepro-

cessing cannot be considered as an independent variable. It

possesses value in the fact that it can improve downstream

tasks and still be functional within the stringent system pa-

rameters. Lightweight AI systems have become a major

solution to this predicament, with complex preprocessing

functions being able to be implemented on resource-limited

platforms. Nonetheless, the success of these methods is de-

termined by a thin line between accuracy, efficiency, and

robustness, and is to be maintained carefully by means of

algorithm design and system-level optimization.

Another point which is made in the review is the neces-

sity to think of the whole pipeline of processing, which starts

with the acquisition of data and ends with the ultimate use

of data. They can hardly satisfy the needs of real-time appli-

cations using fragmented methodologies that maximize the

efforts of individual components but ignore their integration

into systems. This needs to be replaced by comprehensive

systems incorporating both preprocessing and downstream

analytics and hardware requirements, to enable scalable and

realistic solutions.

6.2. Current Limitations and Open Challenges

Various constraints in the testing of lightweight AI-

driven preprocessing systems still exist despite the major

improvements in the field. Generalization over a wide range

of sensors, environments, and conditions of acquisition is

one of the most pressing issues. The data from remote sens-

ing are always heterogeneous, and models trained on certain

sets are usually not able to work consistently in different

situations. This weakness is especially crucial when work-

ing with real-time systems where dynamism with regard to

shifting circumstances is necessary. The other big problem

is that labeled data of high quality is in short supply to be

used during preprocessing activities. In contrast to classifi-

cation or detection, preprocessing does not always have a

well-defined ground truth, so a supervised learning method

can be challenging to use. Although unsupervised and self-

supervised approaches seem to be promising alternatives,

they are still at their initial stages of development and need

improvements in order to reach reliable performance.

The trade-off between efficiency and accuracy is also

one of the basic limitations. Although lightweight models

can be used for real-time processing, performance can be

compromised in complicated conditions, e.g., dense cloud

cover or noisy SAR images. It is a continuous challenge

to make sure that these models are faithful enough to un-

dertake downstream tasks. Another barrier is deployment

complexity, which comes up at the system level. Combining

AI models with software frameworks, hardware platforms,

and data pipelines demands a lot of expertise and integration.

There are issues like compatibility, scalability, and main-

tainability that need to be solved so that the system can be

reliable in the long term.

Lastly, methods and progress cannot be compared as

there are no standard benchmarks and evaluation protocols.

In the absence of stable metrics and data sets, it becomes hard

to know which methods can actually work under real-life

circumstances.

6.3. Emerging Trends and Technological Direc-

tions

The future of real-time preprocessing in remote sensing

is directly linked to various other emerging trends in tech-

nology. The development of edge AI and TinyML is one of

the most notable ones and is designed to provide intelligent

processing to smaller and smaller devices. These technolo-

gies can be used to perform preprocessing on a nanosatellite,

sensor node, and other ultra-low-power platforms, dramat-

ically increasing the range of real-time applications. The

other trend that is worth considering is the emergence of

self-supervised and foundation models of remote sensing.

By using big data of unlabeled data, these models can be

trained to acquire generalizable representations, which can
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be further transferred to different preprocessing tasks. This

can be used to overcome the weakness of data scarcity and

enhance the model’s robustness in various areas.

Federated and distributed learning systems are also be-

coming a focus in applications, especially in cases where

data may not be centralized because of bandwidth or pri-

vacy limits. These solutions can be used to share the model

training between two or more nodes and may enhance perfor-

mance, and also preserve data locality. Moreover, the devel-

opment of neural architecture search (NAS) and automated

machine learning (AutoML) should be of great importance

in lightweight model design. These techniques are able to

create task- and hardware platform-specific models (by au-

tomating the architecture optimization process) that can be

more efficient and perform better.

Innovation in hardware will also be a force in this sec-

tor. The creation of specialized accelerators, including AI

chips and neuromorphic processors, provides unprecedented

ways of efficient and scalable preprocessing. Nevertheless,

they can be fully developed by being tightly coupled with

algorithm design and software frameworks.

6.4. Toward Unified and Adaptive Preprocess-

ing Frameworks

The most important way to approach research in the

future is by creating a set of common preprocessing systems,

where two or more tasks are carried out in a common and co-

hesive system. These frameworks do not separate denoising,

correction, and enhancement but instead seek to optimize

both together and may yield better efficiency and consistency.

Another avenue is adaptive preprocessing systems. These

systems are dynamic systems that can change their action

in response to the properties of input data, environmental

conditions, or application needs. Examples include a system

redirecting more computing resources to areas of interest or

changing model parameters as the amount of noise changes.

The flexibility at this scale will be possible only with the

development of means of real-time monitoring and control,

not to mention the design of models.

It will also be important to have interoperability and

standardization to enable widespread adoption. Integration

of various systems and applications can be supported by com-

ing up with common interfaces, data formats, and evaluation

protocols. This comes in especially handy in large-scale de-

ployments, where a number of components need to cooperate

with each other.

Moreover, both the implementation of upstream ana-

lytics and downstream analytics into end-to-end learning

models, as well as the incorporation of preprocessing into

these models, hold a lot of promise. These strategies have

the ability to enhance the overall performance of the entire

system and minimize redundancy through the optimization

of the whole pipeline. Nevertheless, they also come with

some challenges that concern model complexity, training

stability, and interpretability.

6.5. Broader Implications and Interdisci-

plinary Opportunities

The development of lightweight AI-based preprocess-

ing systems is not only associated with remote sensing, but

it can also be applied in other areas that demand real-time

image and signal processing with resource limitations. Sim-

ilar methods can be used in fields like medical imaging,

autonomous systems, environmental sensing, and so forth,

which underscores the cross-disciplinary nature of this field

of research.

Interdisciplinary cooperation, such as remote sensing,

machine learning, hardware engineering, and systems design,

will be necessary to deal with complex challenges that have

been identified in this review. Both areas have their own

insights and knowledge, and it is essential to combine them

to create viable and sustainable solutions. Social and ethical

aspects are also becoming more significant. The matter of

data privacy, surveillance, and the environmental impact will

have to be taken into consideration as remote sensing systems

are becoming increasingly capable and widespread. It is a

significant issue for future research to design preprocessing

systems that are efficient and accurate, not to mention that

they have to be responsible and transparent.

6.6. Concluding Remarks

To sum up, remote sensing is a field where the design

and implementation of lightweight AI-based real-time pre-

processing systems are a critical frontier. These systems can

revolutionize the ways remote sensing data are used in a vast

number of applications because they can facilitate efficient,

scalable, and timely data processing. Although this has come
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a long way, a lot more needs to be done, especially in the

areas of generalization, robustness, and system integration.

Their solutions will need further algorithm, hardware, and

system design innovation, a standardized framework, and an

evaluation methodology.

It is a promising direction for the next-generation re-

mote sensing systems; the combination of lightweight AI,

edge computing, and advanced sensing technologies has a

promising way to go. Since research in this field is still in

development, one can anticipate that it will become a key to

making the Earth’s environment a more responsive, intelli-

gent, and sustainable way of monitoring.
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