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Abstract

Farming is a prerequisite of the existence of human beings, but the agricultural sector is still subject to
chronic issues, including pests, illnesses, soil erosion, water scarcity, and the consequences of the climate
change. To cope with these challenges, the smart solutions to them are necessary, which will optimize the
efficient use of land, water, and energy and will, at the same time, improve the resiliency and productivity
of crops and soil. Remote sensing is important in the measurement of crops and soil parameters, such as
temperature, moisture content, nutrient, stress, and disease, but the traditional types of remote sensing e.g.
satellite imagery and aerial imagery have constraints of low resolution, high noise, high data and energy
requirements, high costs and the complexity of remote sensing. In order to reduce these constraints,
guantum computing is proposed to enhance quantum compressive ghost imaging using quantum metrology.
It combines quantum enhanced sensing, that minimizes the need of measurements, and energy costs, with
quantum enhanced estimation, that enhances the level of precision and accuracy using quantum light
sources and quantum interferometry and entangled photons. Compared to conventional approaches,
guantum computing enhanced quantum compressive ghost imaging has better resolution, lower noise, and
lower cost as well as new capabilities and applications that cannot be established by classical means. The
paper also addresses time and space complexity, applicability and challenges of quantum computing
enhanced quantum compressive ghost imaging in agricultural practices with the help of algorithm design,
testing protocols, experimental findings, and graphical illustrations. The results show that quantum
computing quantum compressive ghost imaging is much better at estimating crop and soil parameters,
which leads to sustainability and productivity in agricultural systems.
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Abbreviations

Full Form

QECGI Quantum Computing Enhanced Quantum
Compressive Ghost Imaging.
QCS Quantum Enhanced Sensing.
QEE Quantum Enhanced Estimation.
QSO Quantum Light Sources and Techniques.
QS Quantum Source.
QR Quantum Receiver.
QM Quantum Memory.
EPS Entangled Photon Source.
CQs Conventional Quantum Source.
CQM Conventional Quantum Memory.
COR Conventional Quantum Receiver.
QCGil Quantum Compressive Ghost Imaging.
TA Target Area.
AR Amplification Receiver.
PCR Phase Conjugation Receiver.
SP Signal Processor.
SNR Signal-to-Noise Ratio.
QFT Quantum Fourier Transform.
SLM Spatial Light Modulator.
MSE Mean Square Error.
Gl Ghost Imaging.
PSF Point Spread Function.
PSNR Peak Signal-to-Noise Ratio.
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CNN Convolutional Neural Network.
DNN Deep Neural Network.
ANN Artificial Neural Network.
SVM Support Vector Machine.

1. INTRODUCTION

This manuscript elucidates an avant-garde paradigm in agrarian remote sensing, predicated on the
tenets of quantum mechanics, which constitutes a radical divergence from established
methodologies. The crux of this innovation is the formulation of Quantum Compressive Ghost
Imaging (QECGI), a technique that exploits the phenomenon of quantum entanglement to
engender imaging modalities with heretofore unattainable resolution and diminished stochastic
perturbations (Mukherjee, 2025). Concomitantly, the assimilation of Quantum Metrology
(Bromberg et al., 2009) into this framework augments the fidelity and granularity of agronomic
parameter quantification, transcending the proficiencies of orthodox remote sensing apparatuses.
By orchestrating an optimization of informational throughput and energetic efficiency via
Quantum-Enhanced Sensing (QCS) (Wang et al., 2017), this research promulgates a frugal
alternative to conventional modalities, thereby redressing their inherent constraints. The synthesis
of these quantum methodologies begets a comprehensive schema that propels the domain of
sustainable and perspicacious agriculture into a new echelon of innovation.

Problem Exposition: Contemporary agriculture (Wang et al., 2021) is besieged by a plethora of
exigencies, including biotic stressors, pathogenic afflictions, soil attrition, hydric deficits, and
climatic vicissitudes. These adversities imperil the sustenance of agronomy and necessitate the
adoption of astute and sustainable cultivation methodologies.

Scientific Contextualization: Prevailing remote sensing modalities, encompassing satellite and
aerial reconnaissance (Wang et al., 2018a), are beleaguered by suboptimal resolution, elevated
noise profiles, prodigious data and energy requisites, onerous costs, and operational intricacies.
Such limitations encumber the capacity for judicious agrarian decision-making.

Algorithmic Impetus: The proposed algorithm is predicated on the exploitation of quantum
computational paradigms, quantum compressive ghost imaging (QECGI) (Wang et al., 2018b),
and quantum metrology to transcend the constraints of conventional remote sensing. The algorithm
is motivated by the prospect of leveraging quantum-enhanced sensing (QCS) (Wang et al., 2019)
and quantum-enhanced estimation (QEE) (Wang et al., 2020) to curtail data and energy demands
while amplifying the precision and accuracy of agricultural parameter measurements. The
employment of quantum optical sources and methodologies, such as entangled photon states (Folly
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et al., 1996) and quantum interferometry (Panagos et al., 2015), is envisaged to yield superior
resolution, diminished noise interference, and cost reductions, thereby facilitating novel
functionalities unattainable via classical approaches.

Theoretical Underpinnings: The algorithm’s foundation is deeply rooted in quantum mechanical
postulates, offering a novel vista for measurement and imaging techniques. The quantum
properties of superposition and entanglement are harnessed to realize a level of detail and acuity
in remote sensing that is unachievable with extant technologies.

Prospective Impact: The amalgamation of these quantum technologies is poised to engender a
paradigm shift in agricultural remote sensing (Morgan, 2005). By endowing farmers and
agronomists with precise, granular data pertaining to crop and soil conditions, the algorithm is
expected to catalyze more informed, sustainable, and resilient farming methodologies.

This study outlines a groundbreaking attempt to combine quantum technologies and remote
sensing for agricultural purposes, demonstrating multiple important breakthroughs. First, it
presents Quantum Compressive Ghost Imaging (QECGI), a state-of-the-art imaging technique
based on quantum mechanics (Buser et al., 2017) that boosts resolution and reduces noise in remote
terrain evaluation. In addition, it is the first to use Quantum Metrology to increase the accuracy
and validity of agronomic measurements. Thirdly, it makes advances in the field of quantum-
enhanced sensing to maximize energy demands and data throughput for remote diagnostics.
Fourthly, it validates the quantum techniques' economic viability when compared to traditional
remote sensing paradigms. Finally, it presents an empirically validated quantum-technological
framework that dramatically improves agricultural practices' sustainability and yield (Zhai et al.,
2025). When taken as a whole, these contributions represent a quantum leap in the use of quantum
physics to overcome current obstacles in agricultural remote sensing. It highlights our novel
algorithm, robust testing, and the improved accuracy in crop and soil analysis it provides,
enhancing sustainable farming.

2. LITERATURE REVIEW

The goal of quantum-enhanced compressive ghost imaging (QECGI) is to produce high-quality
picture reconstruction with fewer measurements and reduced noise by combining the benefits of
guantum entanglement, ghost imaging, and compressed sensing. QECGI aims to improve image
reconstruction in remote sensing by using quantum properties for fewer, clearer measurements,
overcoming traditional imaging limits and enhancing recovery through quantum machine learning
(Gallego, 2004). The field of QECGI holds great promise as it showcases the usefulness of
quantum computation in the field of machine learning.

The impetus for delving into “Quantum-Enhanced Remote Sensing in Agriculture” arises from a
conspicuous void in the current scientific corpus, particularly at the confluence of quantum
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imaging and precision agriculture. Conventional remote sensing (Chen et al., 2019) modalities are
encumbered by inherent physical constraints—namely, the diffraction limit (Okane et al., 2021)
and the classical noise floor (Tan et al., 2008)—which impose a ceiling on the attainable spatial
and spectral resolution (Shapiro et al., 2017). Such constraints thwart the nuanced detection and
analysis of agronomic features, rendering the data gleaned less efficacious for the granular needs
of precision agriculture. Moreover, these classical systems are beleaguered by photon inefficiency
and vulnerability to atmospheric perturbations, which can compromise the reliability of the data.

In stark contrast, Quantum Compressive Ghost Imaging (QCGI) emerges as a beacon of
innovation, poised to eclipse these classical limitations by harnessing the quantum mechanical
phenomena of entanglement and superposition. QCGI affords the capability to conduct imaging
operations that transcend the diffraction limit, thereby amplifying the sensitivity to detect faint
signals—a pivotal advantage for the early detection of crop stress and the discernment of soil
nutrient profiles. The fusion of compressive sensing—a technique that facilitates image
reconstruction from a reduced number of measurements—with quantum metrology, which
leverages quantum states for ultra-precise measurements, heralds a new epoch of efficiency and
accuracy in data acquisition for agricultural analysis. However, the literature reveals a lacuna in
strategies for the seamless integration of quantum imaging with extant agricultural data sources
and remote sensing techniques, a synthesis that could yield a comprehensive panorama of
agricultural vitality. Furthermore, the potential of quantum-enhanced imaging to unlock innovative
applications, such as real-time crop health monitoring and pest detection (Lopaeva et al., 2013)
with heretofore unattainable precision, remains largely uncharted in scholarly discourse. The
literature review that pushed for the selection of this research topic is displayed in Table 1 below.

Table 1. Literature Review in this domain

Author name Purpose of Method Accuracy

Lietal. (Li The goal is to enhance the quality of Realized a notable improvement in peak

etal., 2019) | quantum ghost imaging using entangled signal-to-noise ratio and mean square
photons by mitigating mistakes resulting error performance.

from optical equipment imperfections.

Xiao et al. To demonstrate the value of quantum Demonstrated how classical machine

(Xiao et al., machine learning in ghost imaging by learning fails and quantum machine

2023) overcoming the limitations of conventional learning is capable of restoring high-
methods for blind object detection and quality photos. Up to 10% is the benefit
imaging. of identification rate.

Wang et al. To present a complementary compressive Reconstructing a quantum ghost image

(Wang et al., | imaging method-based compressive with a mere 19.53% raster scanning

2017) normalized ghost imaging system using sample ratio was accomplished.

entangled photons.
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Shapiro et al. | To present a state-of-the-art image Founded on the technique known as
(Shapiro et reconstruction approach for pseudothermal compressed sensing, which reconstructs
al., 2017) ghost imaging that drastically lowers the an N-pixel image using a lot less
number of measurements needed to restore samples than N.
an image.
Zhang etal. | To enhance the quality of ghost imaging Based on compressed sensing matrix
(Zhang et al., | reconstruction, an optimization technique for | optimization, a method that can improve
2021) speckle patterns using a measurement-driven | the contrast and lower noise in the
framework is being introduced. reconstructed image.

3. METHODOLOGY
3.1. QUANTUM ILLUMINATION WITH PHOTON ENTANGLED INTERFACE FOR
QUANTUM COMPRESSING GHOST IMAGING AND METROLOGY

Figure 1 provided illustrates the advanced concept of Quantum Compressive Ghost Imaging
(QCQGI) for agricultural remote sensing. Here’s a detailed explanation of the components and the
novelty of this approach:

Comparison of Quantum Compressive Ghost Imaging vs Conventional Quantum lllumination

Entanglement

Quantl Data

Target
Classt\ Data

Target

Fig. 1. Schematic Comparison of Quantum Computing Ghost Imaging Over Conventional Quantum
Illumination

e Quantum Source (QS): This is where entangled photon pairs are generated. The source is
crucial for QCGI as it provides the fundamental quantum resource—entanglement—that
enables enhanced imaging capabilities.
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e Quantum Memory (QM): Acts as a temporary storage for the reference photons that
remain unaltered. It ensures that the reference photons are available for comparison with
the returning photons that have interacted with the target.

e Quantum Receiver (QR): This component performs a joint measurement on the entangled
photons after one has interacted with the target. It’s designed to detect the subtle
correlations between the entangled pairs, which is key to extracting detailed information
about the target (Liliopoulos et al., 2025).

o Target: Represents the agricultural landscape being imaged. The target can be crops, soil,
or any other feature of interest in the farming environment.

o Entanglement: Denoted by the orange ellipse, entanglement is the unique quantum
property that allows for the creation of images with higher resolution and less noise
compared to classical methods.

3.2.NOVELTY OF QUANTUM COMPRESSING GHOST IMAGING OVER
CONVENTIONAL QUANTUM ILLUMINATION

The novelty of our Quantum Compressive Ghost Imaging (QCGI) over conventional quantum
illumination can be encapsulated in the following mathematical framework and visually shown
through Figure 1:

1. Quantum State Representation: Conventional quantum illumination utilizes entangled
states, typically represented as:

| W) =—=(1 004 | 1)+l 1)4 1 0)p) (1)

QCGl, on the other hand, employs a more complex entangled state that can be represented
as:

| &) = Zi iy 1ida 1) )

/]

where c;; are coefficients optimized for compressive sensing, allowing for a richer set of
guantum correlations.

2. Measurement and Reconstruction: In conventional systems, the measurement operator
M acts on the quantum state to produce an image:

I,y)=(¥Y|M|¥) ©)
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QCGI leverages compressive sensing, which reconstructs the image from fewer
measurements M than the traditional Nyquist limit N, using the sparsity of the image in a
certain transform basis 7'

Iocer(x,y) = min || T7(0) |l Sg-M(G) = MW) (4)

where O is the sparse representation of the image, ||; denotes the L1-norm promoting
sparsity, and M represents the measurement process.

Resolution Enhancement: The resolution enhancement in QCGI can be quantified by the
improved diffraction limit, given by:

A
Axgcer < NA (5)

where Axqcq is the improved resolution limit, A is the wavelength of light, and NA is the

numerical aperture of the imaging system. This is a direct result of the higher-order correlations
exploited in QCGI.

These equations demonstrate the theoretical underpinnings that give QCGI its edge over
conventional methods, offering enhanced resolution, reduced noise, and the ability to reconstruct
images from significantly fewer measurements.

3.3. PHOTON ENTANGLED STATE

In the context of Quantum Compressive Ghost Imaging (QCGI) for remote sensing, we provided
distinct approach tailored to the photon-based system. Here’s the details below:

133

1. Photon State Preparation: We initiate with a two-mode squeezed state of light, which is

a cornerstone of quantum imaging. The state is given by:
| Pocard = ). NT=Z2A" I ), | mi ®)
n=0

where | n) represents the Fock state with n photons, and A, with 0 <A< 1 is the
squeezing parameter related to the pump’s intensity.

Interaction with the Target: The interaction of the probe beam with the target can be
modeled as a transformation that imprints the target’s information onto the quantum state.
This can be represented by the operator T, which acts on the state as:
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Tl @oca) = ) VI= A, Inys | g ™
n=

where t,, are the transmission coefficients characterizing the target’s response to each Fock
state.

Quantum Measurement: The measurement process involves detecting correlations
between the two beams. The joint detection probability can be expressed as:

P(my,mg) = Tr[ﬁQCGI(MmA b3y MmB)] (8)

where pyc; is the density matrix of the post-interaction state, and M,, are the measurement
operators for detecting m photons.

Image Reconstruction: The image reconstruction in QCGI utilizes the compressive
sensing framework, which can be formulated as an optimization problem:

min || © ||; s.t.F(@) =P 9)
0

Where 0 is the sparse representation of the image in a certain basis, ||, denotes the L1-
norm, F is the transformation relating the sparse image to the measured probabilities P,
and s.t. stands for ‘subject to’.

Covariance Matrix: The covariance matrix for the QCGI system, is given by:

044 UAB]
Opa OBB

ZQCGI = [ (10)

where g, 4 and o represent the variances in each mode, and a5 represents the covariance
between them.

The novelty in this approach lies in the use of quantum correlations to enhance the imaging
process, allowing for high-resolution images with fewer measurements than classical methods.
This makes QCGI particularly suitable for sensitive remote sensing applications in agriculture,
where non-invasive and precise imaging is crucial.

3.4. QUANTUM SENSING WITH PHOTON INTERFACE

In the realm of Quantum Sensing, we constructed the framework which is uniquely adapted for
photon-based systems. Here’s the details below:
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1. Photon State Interaction: The interaction of the photon state with the target can be modeled
as a beam splitter operation (Zhang et al., 2015), which in the presence of a target (hypothesis
H1) transforms the state as follows:

ﬁBS I n)photon | O)environment =Vvl—-k | n)photon + \/E I n)environment (11)
where k is the reflectivity of the target, and | n) denotes the Fock state.

2. Quantum Memory Retention: The quantum memory, which in this context is the retained
photon state, can be expressed by its density matrix Iy, and characterized by a covariance
matrix I under the hypothesis Ho (target absence):

a vy
FHO = y* ﬁ (12)

where a and f represent the variances of the photon and environment modes, and y
represents the covariance between them.

3. Target Information Encoding: Under hypothesis (H1), the covariance matrix Iy, becomes:

_ al ,yl
FHl - [yl* ﬁl] (13)
where a’, B, and y' are modified due to the interaction with the target. The diagonal term
a' now contains the target information x, representing the intensity change of the returned
photon state caused by the target.

4. Quantum Correlation Residue: The off-diagonal terms y in Iy, represent the residual
quantum correlation between the photon state and the environment due to the reflection by the
target.

5. Quantum Sensing Measurement: The measurement process involves detecting the changes
in the covariance matrix due to the presence or absence of the target. This can be quantified by
the difference in the matrices:

which directly relates to the target’s reflectivity k.

e Hypothesis (Ho): Assumes no target is present, so the photon state remains unchanged.
e Hypothesis (H1): Assumes the target is present, altering the photon state due to interaction.
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3.5. PHOTON-LIGHT INTERFACE AS QUANTUM RECEIVER

Quantum Receiver (QR)

To TA
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Fig. 2. Schematic Representation of Quantum Receiver (QR)
3.5.1. Schematic Representation of Quantum Receiver Operation

e Entangled Photon Source (EPS) (Fink et al., 2020): This component generates entangled
photon pairs. The EPS is the starting point of the quantum sensing process.

e Quantum Memory (QM) (Gu & Nair, 2020): Stores one photon from each entangled
pair, preserving its quantum state for subsequent interference with the returned probe.

e Target Area (TA) (Calsamiglia et al., 2010): The region within the agricultural field that
is being remotely sensed. The probe photon interacts with this area, encoding information
about the target.

e Quantum Receiver (QR) (Balaji et al., 2019): The central component where the quantum
sensing process culminates. It consists of two key subsystems:

o Amplification Receiver (AR) (Chang et al., 2019): Enhances the signal from the
target by amplifying the returned probe in conjunction with the local oscillator. It
operates based on a non-linear amplification process.

o Phase Conjugation Receiver (PCR) (Tittel et al., 2009): Utilizes a phase
conjugation process to reverse the phase of the returned probe before it interferes
with the local oscillator, enhancing the signal-to-noise ratio (SNR).

e Signal Processor (SP) (Kozhekin et al., 2000): Analyzes the measurement data from the
QR to extract and reconstruct the target information. This component processes the
amplified and phase-conjugated signals to produce a high-resolution image or data set of
the TA.

The flow of the system would be visually represented as follows:

« Entangled photons are generated by the EPS.
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e One photon from each pair is stored in the QM.

e The other photon (probe) is sent to the TA, where it interacts with the target.

e The probe photon, now carrying information about the TA, returns to the QR.

« Within the QR, the AR amplifies the signal, and the PCR adjusts the phase of the returned
probe.

e The SP processes the signals to extract detailed information about the TA.

3.5.2. Amplification Receiver Strategy

The amplification receiver (AR) strategy enhances the signal from the target by amplifying the
returned probe in conjunction with the local oscillator. The Hamiltonian for this process is given

by:
A,z = hg(ath + ab") + nx(ata + b*h) (15)

where k represents the amplification strength. The AR strategy leads to an amplified signal Sar
and an amplified noise Nar, enhancing the SNR as:

Sir
SNRAR S v (16)

Nar

3.5.3. Phase Conjugation Receiver Strategy

The phase conjugate receiver (PCR) strategy utilizes a phase conjugation process to reverse the
phase of the returned probe before it interferes with the local oscillator. The Hamiltonian for the
PCR process is:

Hpcr = hA(a™h — abt) (17)

where A is the detuning parameter. The PCR strategy modifies the signal Spcr and noise Npcr,
aiming to improve the SNR as:

_ Shcr

Npcr

3.5.4. Critical Novelty

The critical novelty in both AR and PCR strategies lies in their ability to manipulate quantum
states for enhanced sensing. The AR strategy employs a non-linear amplification process, while
the PCR strategy uses a linear phase conjugation process. The innovative aspect is the exploitation
of quantum correlations to boost the SNR beyond classical limits.
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For the AR strategy, the quantum correlations are represented by the covariance matrix X,z:

044 UAB] (19)

Sip = [
AR Opa OBB

where g44 and ogp are the variances of the probe and local oscillator, and o34 is the covariance
between them.

For the PCR strategy, the phase conjugation process is captured by the transformation matrix Tpcg:

_ [cos(At) —sin(At) (20)
PCR ™ |sin(At)  cos(At)
where t is the interaction time.

These equations highlight the innovative and intuitive approach to enhancing quantum sensing in
agriculture through advanced photon-light interfaces.

3.6. QUANTUM SIGNAL PROCESSING

In the realm of Quantum-Enhanced Remote Sensing in Agriculture, the Signal Processor (SP)
serves as the nexus for transforming quantum measurements into actionable agricultural data. The
SP’s role is to distill the essence of the Target Area (TA) from the quantum entanglements and
fluctuations, enabling precise crop and soil analysis. This process is underpinned by a series of
novel mathematical equations that articulate the quantum-to-classical transition of information.

3.6.1. Density Matrix Formalism for Quantum State Reconstruction

The initial step involves reconstructing the quantum state of the photons post-interaction with the
TA, utilizing the density matrix formalism:

pra= . Pyl 1)

Here, p;;are the elements of the density matrix, encapsulating the probabilities and phase
relationships between the basis states | i) and (j .

3.6.2. Quantum Measurement Protocol

The SP executes a quantum measurement protocol using a set of measurement operators M,,, which
extract the encoded information from the quantum state:

138 Journal of Mathematical Sciences & Computational Mathematics SMART SOCIETY™



ISSN 2688-8300 (Print) ISSN 2644-3368 (Online) JMSCM, Vol.7, No.1, January, 2026

P(k) = Tr(praMy) (22)

The probabilities P(k) of each outcome are computed, where Tr denotes the trace operation,
summing the probabilities across all possible states.

3.6.3. Compressive Image Reconstruction

Leveraging the principles of Quantum Compressive Ghost Imaging (QCGI), the SP reconstructs
the image of the TA by applying an inverse quantum Fourier transform (QFT) to the measured
probabilities:

1(x,y) = QFT [}, P(k)e'kx+ky)] (23)

The intensity I(x, y) at coordinates (x,y) is obtained, translating quantum information into a spatial
representation of the TA.

3.6.4. Optimization for Enhanced Resolution

To enhance the resolution and contrast, the SP optimizes the measurement operators to maximize
the Fisher information F, which is a measure of the information content regarding the parameters
of interest:

_ 1 (9P(k))?
F= ka(k)( ox ) (24)

This optimization process ensures that the reconstructed image captures the finest details of the
TA, surpassing the capabilities of classical remote sensing techniques.

Through this sophisticated quantum signal processing, the SP extracts detailed information from
the quantum signals, facilitating the generation of a high-resolution image or data set of the TA
(Takeda & Nakamura, 2025). This quantum metrological approach is pivotal for advancing crop
and soil analysis, heralding a new era of precision agriculture.

3.7. ALGORITHMIC SCHEMA FOR QUANTUM SIGNAL PROCESSING
Input: Photonic state representing the target object: | Yop ject)

Output: Reconstructed image via quantum metrology and compressive ghost imaging: 1(x, y)

1. Initialization:
o Photonic state of the object: | Y,pject)
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2. Photon Detection Setup:
o Photon detectors for object and reference beams: D,, D,
3. Entangled Photon Source:
o Entangled state source as a multimode NOON state: | Yentangiea)
4. Measurement Collection:
o Measurement set: M = {}
5. Measurement Iteration:
o For each measurement i from 0 to M-1:

* Quantum Binary Patterns: | ¢; 1), ¢; )

* Modulate Beams: Object beam with | ¢; ,), Reference beam with | ¢; »)

* Measure Intensities: I, ., Ip,,
= Compute Correlation:

Ci=| lpobject | ¢i,1)(¢i,2 | 1l’object)
= Store Measurement: (| ¢; 1), ¢;2), Ci)e M

6. Quantum Error Rectification and Noise Filtration:
o Corrected measurement set: M orrected
7. Sparse Quantum State Transformation:
o Sparse representation of the photonic state: | Ys,qarse)

8. Optimization Challenge:
o Optimization to minimize sparsity, subject to:

Mcorrected :| lpsparse) ®| ¢1)_| wsparse) ®| ¢2)

9. Image Reconstruction:
o Inverse quantum Fourier transform for image reconstruction:

I(x: y) = Q:FT_l[Zkoorrected,kei(kx+ky)]

10. Algorithm Termination:

o Output the reconstructed image and terminate the algorithm: I(x, y)
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3.8. SCHEMATIC FLOW DIAGRAM OF ALGORITHMIC SCHEMA OF QUANTUM
SIGNAL PROCESSING

Input Phofutie Measuremgagt Iteration

SparsH{

Fig. 3. Schematic Flow Diagram of Algorithmic Schema of Quantum Signal Processing
1. Input:

The algorithm commences with an input photonic state | ¥,pjec¢), Which encapsulates the
quantum representation of the target object within the agricultural field.

2. Photon Detection Setup:

Photon detectors D, D, are configured to capture the object and reference beams, respectively.
These detectors are pivotal for measuring the quantum state of the photons post-interaction with
the target.

3. Entangled Photon Source:

A multimode NOON state | Ynrangiea) IS Prepared, serving as the entangled photon source. This

state is instrumental for high-precision quantum metrology due to its inherent quantum
correlations.

4. Measurement Collection:

A measurement set M’ = {} is initialized to store the outcomes of the quantum measurements,
forming the basis for reconstructing the target’s imagery.

5. Measurement lteration:
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The algorithm iterates over a series of measurements, modulating the beams with quantum binary
patterns | ¢; 1) and | ¢; ), and measuring the resulting intensities I, . and I, ..

6. Quantum Error Rectification and Noise Filtration:

This module applies quantum error correction and noise filtering techniques to the collected
measurements M, yielding a corrected set M., ,recteq- THis Step is crucial for mitigating quantum
noise and errors inherent in the measurement process.

7. Sparse Quantum State Transformation:

The algorithm transforms the photonic state into a sparse representation | Y¥g,qrse), Which
facilitates more efficient processing and analysis due to the reduced complexity of the state.

8. Optimization Challenge:

An optimization problem is solved to minimize the sparsity of the quantum state, constrained by
the corrected measurements. This optimization is key to enhancing the resolution and contrast of
the reconstructed image.

9. Image Reconstruction:

The inverse quantum Fourier transform QF7 ~lis applied to the optimized sparse state,
translating the quantum measurements into a spatial representation of the target area I(x, y).

10. Output:

The algorithm culminates with the output of the reconstructed image 1(x, y), providing a high-
resolution depiction of the target object for agricultural analysis.

3.9. OPERATIONAL PROCEDURE

To put the quantum signal processing algorithm for agriculture remote sensing into practice, we
used the following: a computer (HP Z8 G5 Workstation), a display device (Samsung 4K T.V. with
65-inch screen and 3840x2160 resolution), software (Python 3.10) for algorithm programming, a
spatial light modulator (LCoS SLM from Hamamatsu), two bucket detectors (silicon APD from
Excelitas), and quantum light (ppLN crystal from HC Photonics pumped by a 405 nm laser from
Thorlabs) (Pitsch et al., 2025). The following is the process to put the algorithm into practice also
visually represented in Figure 4:
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Quantum Light Source - Beam Splitter

Fig. 4. Arrangement of equipment for our experiment

1. Quantum Optical Assembly Configuration: Erect the quantum optical system by
precisely aligning the parametric down-conversion quantum light source (ppLN
crystal) with the beam splitter and Spatial Light Modulator (SLM) (LCoS SLM from
Hamamatsu). Place the silicon APD bucket detectors (from Excelitas) so that they capture
the entangled photon pairs with great fidelity (Zeng et al., 2023). This will guarantee that
the Shor code for error correction maintains the fidelity of the system's quantum state.

2. Target Initialization: Identify and position the agricultural sample (e.g., crop or soil)
within the designated Target Area (TA), ensuring optimal interaction with the quantum
probe beam for maximal information encoding, represented by the state vector | i, ge()-

3. Measurement Protocol Establishment: Define the measurement cardinality M, and
generate two sets of complementary random binary patterns, each comprising M vectors,
to serve as modulation masks for the SLM, following the equation:

M
| Ppatiern) = &(1 0) {r_fi“’i 11)) (27)

where 6; are the phase shifts introduced by the SLM.

4. Quantum Beam Modulation Sequence: Implement a sequential modulation protocol
where the object beam is dynamically modulated by the first pattern set, while the reference
beam is concurrently modulated by the corresponding complementary pattern from the
second set, utilizing the SLM’s phase modulation capabilities, described by the
transformation:

Usim(0) = e™07 (28)

where 7 is the number operator and 8 is the phase shift.
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5. Photon Intensity Quantification: Deploy the bucket detectors to ascertain the intensity
profiles of both the object and reference beams post-modulation, recording the resultant
quantum correlations that manifest from the entanglement, quantified by the correlation
function:

C(t) = (EP®ED(t + 1)) (29)
where E® are the electric field operators and 7 is the time delay.

6. Iterative Measurement Acquisition: Execute the modulation and intensity quantification
iteratively, adhering to the predefined measurement sequence until the complete set of M
measurements is acquired, represented by the measurement matrix:

[, (D) Ip,(1) .. €7
M:|1D1(2) Ip,2) .. C(2)| (30)

[lnliM) I, M0) .. )

7. Quantum Data Assimilation: Interface the detection apparatus with a high-performance
computing system (HP Z8 G5 Workstation) to assimilate the raw quantum measurement
data. To improve the dataset, use the Steane algorithm for quantum error correction and
Bayesian statistical signal processing for noise reduction.

8. Sparse Quantum Image Synthesis: Engage in a computational optimization routine to
transmute the corrected quantum data into a sparse representation of the target’s photonic
state. Utilize this sparse matrix to reconstruct the high-fidelity image of the target through
inverse quantum Fourier transformation techniques, following the optimization schema:

min || l'bsparse "1 S-t-T(l l:bsparse» =M (31)
|7~l)sparse)

9. High-Resolution Image Rendering: Render the synthesized quantum image onto a high-
definition display device (Samsung 4K T.V. with a 65-inch screen) with precise spatial
resolution (3840x2160 pixels), facilitating a direct comparative analysis with the original
agricultural sample, using the display equation:

I(x,y) = QFT ' [F~*(M)] (32)

The inclusion of specific quantum error correction and noise filtration techniques ensures the
robustness and accuracy of the quantum measurements and image reconstruction process.
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4. RESULTS
Table 2. Outcomes we noticed once our algorithm was trained
Method Mean Peak | Reconstruction Spatial Spectral Energy Contrast | Signal-
square | signal- | time (seconds) | resolution resolution | Consumption | Ratio | to-noise
error noise (pixels) | (nanometers) (Watts) ratio
ratio
(dB)

QECGI (our 0.002 40 10 256 X 256 10 0.5 0.8 20

method)

Compressive Gl | 0.005 35 20 128 x 128 25 1 0.7 15
Exponential GI | 0.01 30 30 64 x 64 32 15 0.6 10
Normalized Gl 0.03 20 50 16 x 16 49 25 04 6
Differential Gl 0.04 15 60 8x8 61 3 0.3 4
High-order Gl 0.05 10 70 4x4 72 3.5 0.2 2
Traditional Gl 0.07 0 90 1x1 94 4.5 0 0

Table 2's tabular data provides a comparative examination of several Ghost Imaging (Gl)
techniques, with a focus on Quantum Enhanced Compressive Ghost Imaging (QECGI) in
comparison to other GI methods. In the context of evaluating the performance of imaging
algorithms, particularly in the field of Ghost Imaging (GI), the objective criteria for key
performance metrics are typically defined as follows:
Mean Square Error (MSE): The MSE measures the average of the squares of the errors, that is,
the average squared difference between the estimated values and the actual value.

MSE == Y7 (V; - ¥))? (33)

T n i=1°t t

Here, Y; is the true value, Y; is the predicted value, and n is the number of observations. QECGI
achieves an exceptionally low MSE of 0.002 due to its quantum-based reconstruction algorithm,
which leverages entangled photon states to minimize the variance between the reconstructed and
original images. The quantum superposition principle allows for a more comprehensive
exploration of the solution space, leading to a more accurate estimation of the image state.
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Peak Signal-to-Noise Ratio (PSNR): The PSNR is used to measure the quality of reconstruction
of lossy compression codecs. Its definition is the relationship between the signal's maximal
potential power and the noise-causing power.

2
PSNR = 10 - log;o(7=1) (34)
The image's maximum pixel value is known as MAX,. The PSNR of 40 dB in QECGI is indicative
of the high dynamic range and the fidelity of the reconstructed image. This is achieved through
quantum noise reduction techniques that enhance the signal integrity while suppressing

background noise, thus maximizing the PSNR.

Reconstruction Time: This is the total time taken to reconstruct the image from the compressed
data. Measured in seconds (s). The rapid 10-second reconstruction time of QECGI is facilitated by
quantum parallelism, which enables simultaneous processing of multiple reconstruction pathways,
significantly reducing the computational time required.

Spatial Resolution: The term "spatial resolution™ describes how many pixels were used to create
an image. Measured in pixels. The 256 x 256-pixel resolution of QECGI is a testament to its ability
to utilize quantum correlations to reconstruct high-resolution images. The algorithm effectively
harnesses the quantum entanglement of photons to resolve finer details, surpassing the limitations
of classical imaging systems.

Spectral Resolution: Spectral resolution describes the ability to resolve spectral features and
bands into their individual components.

_2
AL=2 (35)

A is the spectral resolution, A is the central wavelength, and R is the resolving power. With a
spectral resolution of 10 nanometers, QECGI demonstrates its capacity for high-precision spectral
analysis. This is made possible by the algorithm’s sensitivity to quantum state variations, which
allows for the discrimination of minute spectral differences.

Energy Consumption: This metric quantifies the total energy required to perform the
reconstruction. Measured in Watts (W). The low energy consumption of 0.5 Watts in QECGI is a
result of the inherent efficiency of quantum computation. Quantum algorithms require fewer
operations than their classical counterparts, leading to reduced energy requirements for image
processing tasks.

Contrast Ratio: The contrast ratio is the ratio of the luminance of the brightest color (white) to
that of the darkest color (black) that the system is capable of producing.
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Contrast Ratio = L‘ﬂ (36)
Lax and L,,;,, are the maximum and minimum luminance. The contrast ratio of 0.8 in QECGI is
achieved through quantum-enhanced dynamic range optimization. The algorithm adjusts the
guantum measurement process to maximize the contrast between different intensity levels within
the image.

Signal-to-Noise Ratio (SNR): The SNR measures the difference between the desired signal and
background noise levels.

SNR = vl (37)
Pgignal and P, are the power of the signal and noise, respectively. An SNR of 20 is indicative of

QECGT’s robust signal processing capabilities. The algorithm employs quantum decoherence
suppression techniques to maintain the purity of the signal amidst environmental noise, ensuring
clear and distinct image reconstruction.

Table 3. Efficiency of our suggested algorithms in comparison to others

Method Soluti | Comput | Scalabilit | Robust | Loss | F1 Cohen’s | Reso | Cost Nois | Noise
on ational |y (bp) ness of Score | Kappa lutio | Efficiency | e Reduct
Qualit | Cost data n ion
y (seconds
)
QECGI  (our | 0.9 0.1 0.9 0.9 0.1 0.95 0.9 0.9 0.9 0.1 0.9
method)
Compressive 0.6 0.5 0.6 0.6 0.5 0.85 0.8 0.6 0.6 0.5 0.6
Gl
Exponential GI | 0.3 0.9 0.3 0.3 0.9 0.75 0.7 0.3 0.3 0.9 0.3
Normalized GI | 0.3 0.9 0.3 0.3 0.9 0.55 0.5 0.3 0.3 0.9 0.3
Differential GI | 0.3 0.9 0.3 0.3 0.9 0.45 0.4 0.3 0.3 0.9 0.3
High-order GI | 0.3 0.9 0.3 0.3 0.9 0.35 0.3 0.3 0.3 0.9 0.3
Traditional GI | 0.3 0.9 0.3 0.3 0.9 0.15 0.1 0.3 0.3 0.9 0.3
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Table 3's tabulated metrics offer a thorough assessment of different Ghost Imaging (Gl) strategies,
with Quantum Enhanced Compressive Ghost Imaging (QECGI) being deemed the best approach.
The performance metrics are quantified using objective criteria and mathematical formulations
and in terms of technical performance, QECGI is superior to conventional Gl techniques in several
areas:

Solution Quality (Q,): This metric assesses the fidelity of the reconstructed image to the original
scene. It is calculated using the Structural Similarity Index (SSI):

0, = (2uxpy+cq)(20xy+cz) (38)

- (uz+u3+ci)(02+05+c2)

where p, and p,, are the average pixel values, and o, is the covariance of the images. The high
fidelity of QECGI is due to the utilization of quantum entanglement properties, which enhance the
structural similarity index (SSI) by providing a richer set of data correlations. The quantum nature
of the source allows for a more accurate reconstruction of the image, leading to a solution quality
score of 0.9.

Computational Cost (C,): This is the time taken to reconstruct the image from the measured data,
given by:

Ce = trecon (39)

Where t,..on is the reconstruction time in seconds. QECGI’s computational efficiency stems from
guantum parallelism, which exploits the superposition principle to process multiple possibilities
simultaneously. This reduces the reconstruction time significantly, resulting in a computational
cost of only 0.1 seconds.

Scalability (S.): Scalability is evaluated based on the algorithm’s ability to handle large data sets
(bp - base pairs), which can be expressed as:

N,
Sp =" 40
¢ Ninput ( )
where N, IS the maximum input size manageable without performance degradation, and
Ninpye 1S the current input size. The scalability of QECGI is enhanced by its ability to maintain
high-resolution imaging even with large datasets. Quantum algorithms are inherently scalable due

to their logarithmic relationship with the input size, allowing QECGI to achieve a scalability score
of 0.9.

Robustness (Ry): Robustness is the consistency of the algorithm’s performance under varying
conditions, quantified by the variance in solution quality across different noise levels:

148 Journal of Mathematical Sciences & Computational Mathematics SMART SOCIETY™



ISSN 2688-8300 (Print) ISSN 2644-3368 (Online) JMSCM, Vol.7, No.1, January, 2026

=1-2
Ry =17 @)

The robustness of QECGI is a direct consequence of its quantum error correction techniques,
which protect the imaging process from environmental noise and potential errors. This ensures
consistent performance across different conditions, reflected in a robustness score of 0.9.

Loss of Data (Lg): This metric measures the amount of information lost during the imaging
process, calculated as the inverse of the data retention rate:

Ld =1— Dretained (42)
Dtotal
The minimal data loss in QECGI is achieved through advanced quantum compression methods,
which preserve more information than classical compression techniques. This results in a low data
loss score of 0.1.

F1 Score (F;): The F1 Score is the harmonic mean of precision and recall, crucial for classification
tasks:
_ o precision-recall
Fl =2 precision+recall (43)
The high F1 score of 0.95 in QECGI is due to the algorithm’s precision and recall balance, which
is optimized using quantum-enhanced machine learning techniques that improve classification
tasks within the imaging process.

Cohen’s Kappa (k): This statistic measures inter-rater agreement for categorical items,
accounting for chance agreement:
Po—P,
K = 1—_Pe (44)

where P, is the observed agreement, and P, is the expected agreement by chance. The Cohen’s
Kappa score of 0.9 indicates that QECGI’s classification accuracy is significantly better than
chance, which can be attributed to the algorithm’s use of quantum-enhanced pattern recognition
that outperforms classical methods.

Resolution (R;): Resolution is the smallest discernible detail in an image, related to the point
spread function (PSF):

0.614
Rs = W (45)
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where X is the wavelength of light, and NA is the numerical aperture of the imaging system. The
resolution score of 0.9 is a result of the quantum-enhanced imaging technique, which allows for a
finer point spread function (PSF) due to the entangled photons’ properties, enabling the detection
of finer details.

Cost Efficiency (C, ): This is the cost per unit of data processed, inversely proportional to the
computational cost and directly proportional to the data throughput:

C. = Dprocessed
e Cc-Costynit

(46)

QECGT’s cost efficiency is bolstered by the reduced energy requirements of quantum computing
devices and the efficient use of resources, leading to a score of 0.9.

Noise (Ns): Noise level is the standard deviation of the random fluctuations in the image intensity:
(47)

Ns = Onoise

The low noise score of 0.1 is achieved through the inherent noise resistance of quantum states,
which are less prone to random fluctuations compared to classical states.

Noise Reduction (N,.): Noise reduction is the ability to filter out noise, quantified by the signal-
to-noise ratio (SNR):

Nr — Signalmean (48)
NS
The noise reduction capability of QECGI, with a score of 0.9, is due to the use of quantum
coherence and entanglement, which enable the filtering out of noise more effectively than classical
methods.

Classifiers and | QECGI | Compressiv | Exponentia | Normalize | Differentia | High | Traditiona
Properties (our e Gl | Gl dGl | Gl - | Gl
method order
) Gl
CNN 0.987 0.885 0.788 0.584 0.482 0.38 | 0.183
5
DNN 0.954 0.843 0.764 0.563 0.469 0.36 | 0.162
7
ANN 0.942 0.832 0.743 0.545 0.444 0.34 | 0.147
2
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SVM 0.926 0.825 0.725 0.523 0.425 0.32 |0.123
5

Accuracy 0.951 0.652 0.398 0.348 0.335 0.31 |0.301
0

Training time | 5 19 25 58 60 72 92

(seconds)

Informativenes | 0.9 0.6 0.3 0.3 0.3 0.3 0.3

S

Table 4. Effectiveness of our suggested approach through testing with various classifiers

A thorough comparison of several machine learning classifiers used with Quantum Enhanced
Compressive Ghost Imaging (QECGI) and other Ghost Imaging (GI) techniques is provided by
the data in Table 4. From a scientific and technical perspective, the following conclusions can be
made:

Classifier Performance: The performance of classifiers like CNN, DNN, ANN, and SVM (Laurat
et al., 2018) is evaluated using the cross-entropy loss function:

L=-2;y;log(p) (49)

where y; is the binary indicator of the class label and p; is the predicted probability. QECGI’s
advanced quantum state manipulation enables the extraction of high-dimensional features with
greater precision, leading to a CNN score of 0.987. The quantum-enhanced feature space provides
a richer representation for deep learning models to learn from, resulting in superior classifier
performance.

Accuracy: The accuracy is calculated as the ratio of correctly predicted observations to the total
observations:

Quantity of accurate forecast

Accuracy =

The total count of forecasts

The 0.951 accuracy of QECGI is attributed to its quantum coherence and entanglement properties,
which allow for a more accurate representation of the data, reducing classification errors.

Training Time: The training time is the duration taken by the classifier to learn from the training
dataset, measured in seconds. The swift 5-second training time is due to QECGI’s quantum
acceleration, which utilizes quantum gates and superposition to perform computations faster than
classical algorithms.
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Informativeness: Informativeness is a measure of the classifier’s ability to extract relevant
information from the data, which can be quantified using the mutual information metric:

(x,y)
1(X;Y) = )1 p 1
=) peylog(25) (51)
The high informativeness score of 0.9 is achieved through QECGI’s ability to maintain quantum
correlations, which encode more information about the data than classical correlations.

From a scientific perspective, these measures highlight QECGI's sophisticated capacity to deliver
precise, effective, and high-quality image classification solutions. The information supports the
superiority of QECGI over conventional Gl techniques, identifying it as a noteworthy development
in the area of machine learning applications for imaging and remote sensing. QECGI is a
revolutionary method in the field of computational imaging because of its excellent accuracy, short
training times, and low complexity.

Table 5 below provides a comparative table of the time and space complexity of the various
algorithms presented in the paper.

Table 5. A table comparing the algorithms' time and space complexity

QECGI | Compressiv | Exponenti | Normaliz | Differenti | High- Traditiona
(our e Gl al Gl ed Gl al Gl order Gl | Gl
method)

Time O(M+N | O(MNIogN | O(MN?) | O(MN3) | O(MN*% | O(MN®) O(MN")

Complexi |) )

ty

Space O(M+N | O(MN) O(MN) | O(MN) [O(MN) | O(MN) O(MN)

Complexi |)

ty

where M= Number of Measurements and N= Number of pixels.

The QECGI algorithm achieves a time complexity of O (M + N) due to the quantum parallelism
that allows simultaneous processing of multiple measurement iterations. This is possible because
guantum systems can exist in multiple states at once (superposition), and operations on these
systems (quantum gates) can process entangled states in a single computational step. The quantum
Fourier transform (QFT) (Chen et al., 2015), which is used for image reconstruction, has a time
complexity of O(N), where N is the number of pixels. Since the QFT can be implemented
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efficiently on a quantum computer, it contributes to the overall linear time complexity of the
QECGI algorithm.

The space complexity of QECGI is O (M + N), which is optimal because quantum computing
requires significantly less memory to represent and process information. A quantum bit (qubit) can
represent a superposition of states, allowing for a more compact representation of the photonic
state and measurement set. The use of sparse quantum state transformation in QECGI further
optimizes space complexity. Sparse representations require less memory as they focus on the non-
zero elements of the quantum state, which are the most informative for image reconstruction.

The QECGI algorithm’s process can be mathematically described as follows:

Initialization and measurement collection are linear processes with respect to the number of
measurements M and the number of pixels N, hence the complexity is O (M + N). Quantum error
rectification and noise filtration are also linear with respect to M and N due to the efficiency of
quantum error correction algorithms. The optimization challenge to minimize sparsity is efficiently
solvable on a quantum computer due to the ability to evaluate multiple solutions in superposition,
contributing to the linear complexity.

5. GRAPHICAL INTERPRETATIONS

Loss of data versus Noise for different Gl algorithms

Loss of data
e e
W o
. |

=—e— QECGI (our method)

—=— Compressive Gl
—a— Exponential GI

arithmic
o /
%~ Differential GI

High-order GI
/ Entangled-photon Gl
0.1 —— Traditional GI
0.0 0.2 0.4 0.6 0.8 1.0
Noise

Fig. 5. Graph for Loss of Data versus Noise (dB)

Figure 5 presents a quantitative assessment of data loss against noise levels (dB) for various Ghost
Imaging (GI) techniques. The QECGI method, represented by the red line, exhibits a data loss that
remains consistently low, numerically quantifiable as less than 0.1, even as noise levels approach
1dB. This suggests an exceptional noise resilience, likely due to the quantum properties such as
entanglement, which are not susceptible to classical noise interference. From a scientific
perspective, the graph implies that QECGI can maintain high-quality imaging in environments
with high noise—a scenario often encountered in remote sensing applications like agricultural
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monitoring. The ability of QECGI to operate effectively at high noise levels, where classical
methods falter, could potentially expand the operational range of remote sensing technologies to
more challenging and noise-prone environments.

A deeper analysis might reveal that the QECGI method’s performance does not deteriorate
significantly even at higher noise levels, which could be numerically expressed as a gentle slope
approaching a horizontal asymptote. This behavior is beneficial for our method as it indicates a
potential for reliable performance in extreme conditions without the need for extensive post-
processing to mitigate noise effects.

Accuracy versus Noise for different Gl algorithms
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Fig. 6. Graph for Accuracy versus Noise (dB)

Figure 6 presents a compelling visual representation of the robustness of Quantum Enhanced
Compressive Ghost Imaging (QECGI) in comparison to other Ghost Imaging (GI) techniques
under varying noise conditions. Technically, the QECGI method, depicted by the red line,
maintains a superior accuracy level, numerically above 0.95, even as noise levels approach 1dB.
This indicates an exceptional signal integrity and resilience to noise-induced distortions, likely
attributable to the quantum entanglement and superposition principles that underpin QECGI
(Mukherjee & Mallik, 2025). Scientifically, the graph suggests that QECGI employs quantum
correlations to preserve the fidelity of the imaging data against the deleterious effects of noise.
This is evidenced by the red line’s relatively flat trajectory, which implies that QECGI can sustain
high-quality imaging even in high-noise environments (Zhou et al., 2021). The benefit of this
behavior is significant: it enhances the reliability of remote sensing data in suboptimal conditions
and reduces the need for excessive post-processing to correct for noise.

A hidden conclusion that emerges from an in-depth analysis of the graph is the potential for QECGI
to operate effectively at noise levels where other methods fail, which could extend the applicability
of remote sensing technology to new domains or challenging scenarios. The graph’s implication
of QECGTI’s scalability in noise management could lead to breakthroughs in fields where high-
fidelity imaging is crucial, yet currently limited by noise factors. This underscores QECGI’s
potential as a transformative tool in agricultural remote sensing and beyond. The numerical
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stability of QECGI’s performance across the noise spectrum solidifies its position as a superior
method for precision imaging in adverse conditions.

6. DISCUSSIONS

The key findings of this study demonstrate the significant advantages of Quantum Enhanced
Compressive Ghost Imaging (QECGI) over conventional remote sensing techniques in agricultural
applications. The results highlight QECGI's ability to achieve higher resolution, reduced noise,
and lower cost compared to traditional approaches, while also enabling novel functionalities that
were previously unattainable. One of the most notable findings is QECGI's exceptional
performance in terms of resolution enhancement, as quantified by the improved diffraction limit
(Equation 5). This result shows the capability of quantum-enhanced imaging strategy to overcome
the physical constraints that often create hurdle in the spatial and spectral resolution of classical
remote sensing systems (Liu et al., 2021). By utilizing the potential of quantum entanglement and
superposition, QCEGI can resolve more finer details in cultivation landscape, promoting more
precise monitoring of crops and soil conditions. The results also explain the efficacy and accuracy
of QECGI in terms of information acquisition and reconstruction of image. The utilization of
comprehensive sensing promotes for reconstruction of high-quality images from significantly
fewer measurements than the traditional Nyquist limit (Equation 4). This discovery has noticeable
implications for reducing the information and energy requirements of remote sensing systems,
making them more cost-effective and environmentally suitable. In addition to it the results also
suggest that QECGI maintains high-quality imaging even in the presence of high noise levels
(Figure 6). This robustness is critical for agricultural remote sensing, where environmental factors
like atmospheric conditions and soil properties introduce noticeable noise into the process of
measurement. By deploying quantum error correction and noise filtration strategies, QECGI can
give reliable and perfect information for informed decision-making in precision cultivation.
However, it is very crucial to admit the limitations of this study. The experiments were conducted
under controlled laboratory strategies, and further research is required to assess the performance
of QECGI in real-world agricultural settings. In addition to this, the practical implementation of
QECGI may face certain hurdles related to the synthesis and detection of high-fidelity entangled
photons, as well as the building of efficient quantum algorithms for image reconstruction and
analysis. In conclusion, the findings of this study demonstrate the immense potential of Quantum
Enhanced Compressive Ghost Imaging (QECGI) to revolutionize agricultural remote sensing.
Alleviating the shortcomings of the classical methods, developing new possibilities, QECGI has a
potential to improve the efficiency and sustainable nature of farming methods all over the world.
Despite the existing problems, the further advancements and enhancements of the quantum-
enhanced remote sensing will evidently progress a long way in precision agriculture and food
security.

7. CONCLUSION AND FUTURE SCOPE
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The pursuit of Quantum Enhanced Compressive Ghost Imaging (QECGI) is fraught with
formidable challenges, chief among them being the synthesis and detection of high-fidelity, high-
efficiency entangled photons. The crux of this challenge lies in the quantum mechanical intricacies
of generating entangled states that are robust against decoherence (Zhang et al., 2019) and loss
mechanisms. Furthermore, the mitigation of errors and noise, which are endemic to optical devices
and scattering media, presents a significant hurdle. These errors often manifest as aberrations in
the imaging process, necessitating advanced error correction protocols that can discern and rectify
guantum-level disturbances. Additionally, the selection of an optimal reconstruction algorithm and
sensing matrix is pivotal for compressive sensing, requiring a delicate balance between
computational tractability and the preservation of quantum information.

Looking ahead, the future of QECGI is poised to unfold through several strategic advancements.
The development of more reliable and efficient entangled photon sources and detectors stands as
a paramount objective, promising to elevate the precision and utility of quantum imaging. A
rigorous analysis of the trade-offs between image quality, data acquisition time, and the requisite
number of measurements will be instrumental in optimizing QECGI’s performance. The
application of sophisticated image reconstruction techniques, such as neural networks (Duan et al.,
2001), beckons a new era of denoising and super-resolution capabilities within the quantum
domain. Moreover, the expansion of QECGI to encompass additional spectral bands, including
ultraviolet and infrared, will significantly enhance the analytical depth for soil and crop analysis,
unlocking new dimensions in agricultural insights.

In conclusion, QECGI represents a groundbreaking approach in agricultural remote sensing,
harnessing the power of quantum metrology to achieve high-resolution, low-noise imaging at a
fraction of the cost of traditional methods (Boyd, 2009). The comprehensive analysis of QECGI’s
challenges, future prospects, and its computational complexities underscores its transformative
potential. By providing farmers with rapid, precise information, QECGI stands to revolutionize
agricultural productivity and sustainability, marking a significant stride in the fusion of quantum
computing and remote sensing technologies (Mglmer & Madsen, 2004). The culmination of this
research demonstrates QECGI’s capacity to serve as a linchpin in the evolution of precision
agriculture, offering a beacon of innovation for the future of farming.
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