Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

Smart Agriculture Optimization in Off-Grid Terrains
via Satellite- Coupled Soil Sensing Framework

Masood Ahmad
Shahid Kamal

shahid. kamal @mmu. edu, my

Fasee Ullah
Ishtiaq Wahid

Research Article

Keywords: Smart agriculture, off-grid agriculture, satellite remote sensing, soil sensing, Internet of
Things, adaptive sensor fusion, Honey Bee Optimization, multi-objective optimization, energy-efficient
sensing, agricultural 1oT

Posted Date: September 11th, 2026
DOI: https://doi.org/10.21203/rs.3.rs-10720368/v1

License: €© @ This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: No competing interests reported.


https://doi.org/10.21203/rs.3.rs-10720368/v1
https://doi.org/10.21203/rs.3.rs-10720368/v1
https://doi.org/10.21203/rs.3.rs-10720368/v1
https://creativecommons.org/licenses/by/4.0/

Smart Agriculture Optimization in Off-Grid Terrains via Satellite-

Coupled Soil Sensing Framework
Masood Ahmad !, Shahid Kamal %2 *, Fasee Ullah 3 and Ishtiaq Wahid !

! Centre for Advanced Analytics, COE for Artificial Intelligence, Multimedia University, Persiaran Multimedia , 63100 Cyberjaya, Selangor Malaysia.
2 Faculty of Computing & Informatics, Multimedia University, Persiaran Multimedia , 63100 Cyberjaya, Selangor Malaysia.
3Department of Computing, Center for cyber physical systems (c2ps), Universiti Technologi Petronas, 32610, Seri Iskandar, Perak Darul Ridzuan,
Malaysia.

*Correspondence: shahid.kamal@mmu.edu.my;
Abstract

Smart agriculture in off-grid terrains faces significant challenges due to limited energy availability,
intermittent communication infrastructure, sparse sensing coverage, and continuously changing soil and
environmental conditions. Ground sensors provide localized information, while satellite technology offers
additional data from remote locations. However, applying these technologies separately or using them
according to standard fusion approaches may bring about inefficiency in finding information, having too
much unworthy communication, or lowering the precision of observations. This paper presents the Adaptive
Multi-Objective Honey Bee Optimization for Satellite-Coupled Soil Sensing, which integrates the two
approaches and adapts to environmental factors so that the frequency of observations changes
correspondingly. The system uses a multi-objective strategy of honey bee optimization to ensure the best
results in detecting soil conditions while keeping energy consumption and communication costs to a
minimum. The system's effectiveness is determined through various means of simulation that examines
factors such as estimation precision, energy-lifetime trade-off balance, communication efficiency,
optimization convergence level, ability to withstand satellite information loss and sensor failure, scalability,
Pareto outcomes, sensor intensity impact, smart sensory features, and adjustment of fusion weights. The
comparison looks primarily at satellite only, sensor only, fixed fusion, and adaptive fusion methods. The
other factor being compared in the system is optimization that involves such approaches as GA, MOPSO,
MOEA/D, NSGA-II, and classical HBA. The results show that AMHBO-SCSS demonstrates optimum
performance by improving soil condition estimation while minimizing unnecessary sensing and
communication. The results of Pareto and multiple-objective analysis show that the approach has been able
to achieve optimum rivalry among agricultural monitoring patterns. The study gives evidence that the
technique of adaptive sensing with the help of the combination of multiple-objective optimization will

prove to be useful in terms of its energy efficiency and extreme resilience in smart agriculture applications.
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1. Introduction

The way that agriculture is carried out is changing, as assessment techniques are becoming increasingly
reliant on data and the information gathered is more timely, ensuring that irrigation systems, crop
management schemes, and resource usage are optimized. Soil moisture, temperature, and other soil
parameters vary greatly depending on the locality for a given sample and time because of which taking spot
measurements is insufficient for proper decision-making. IoT sensors can help but have their own
challenges such as energy supply problems, lack of communication capabilities in rural areas, and other
issues. A need for innovative methods of agricultural monitoring and obtaining valuable environment-

related information is apparent [1].

Satellite remote sensing offers a valuable complement in terms of monitoring agricultural activities in
distant places as it may cover vast distances without needing the physical infrastructure necessary for
terrestrial sensing in every location. As a result, satellite images are applicable for monitoring hard-access
agricultural regions where terrestrial communication and many sensors are not feasible. However, satellite
images do have shortcomings in terms of their spatial and temporal resolution, availability, and weather, as
well as the difference between the occurrence of satellite measurements and local soil characteristics.
Ground sensors, on the other hand, produce more accurate but localized measurements requiring energy
and communication resources and physical deployment. As a result, the use of both satellite and ground
sensors individually results in undesirable trade-offs such as the spatial coverage, local precision,

consumption of energy and cost of operation [2].

The combination of satellite and ground-based sensing is a way to avoid these drawbacks. The problem is
that simply integrating the two types of data together on the basis of fixed weights does not take into
consideration changes in the reliability of sensing as well as environmental conditions. Ground data can
become less reliable due to sensor degradation or temporary disruptions in communication, while satellite
data may be unavailable or less relevant in unfavorable witnessing conditions. In the same way,
environmental variability is not stable. There are periods after rainfall or irrigation when it is necessary to
complete more observations and the periods which can be described as stable and do not need very frequent
sensing. Therefore, a smart and effective agronomic system should know when to start sensing, which
source of information to use, and how much sense-making and communicating process should be completed

in accordance with the context of operation [3].

The limited amount of power available from an off-grid sensor network poses another important challenge.

Continuous sensing along with transmission can deplete the battery resources quickly especially when there
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is an extensive number of sensors deployed for agriculture purposes. Increasing the frequency of sensing
will provide the benefit of availability of soil data but at the same time will increase the energy expenditure
associated with communication. On the other hand, reducing the sensing activity will save energy but the
quality of estimation will be compromised as a result. There is a multi-objective optimization problem
involved which requires the joint consideration of the important factors such as error estimation, energy
consumption, communication overhead, network life, and decision latency [4]. Metaheuristic optimization
techniques can be helpful in complex problems of resource allocation and sensing. The economic
attractiveness of Honey Bee Optimization (HBA) can be explained by using its population based search
manner of operation which offers optimal trade-off between exploration and exploitation. However, it is
evident that a traditional approach will fail to address the issue of changing reliability of sensing scheme as
well as changing environmental conditions in off-grid agricultural environment. Thus, it is required to

develop an adaptive approach [5].

The proposed approach seeks to overcome these obstacles by introducing the Adaptive Multi-Objective
Honey Bee Optimization for Satellite-Coupled Soil Sensing (AMHBO-SCSS) architecture for intelligent
agriculture in remote areas. The architecture unifies satellite and ground-based soil sensing methods but
introduces the adaptive information fusion mechanism that establishes the degree of importance of each
sensor used. The adaptive system of sensing alters the sensing process depending on the changes in the
environment. Also, the multi-objective Honey Bee Optimization searches for an optimal configuration of
the system concerning the quality of data, energy consumption, communication, terms of operation, and the

speed of decision-making process [6].

The introduced framework undergoes evaluation via an extensive simulation tests made up of eleven
complementary experimental investigations. The analysis aims to evaluate the efficiency of soil-condition
estimations, energy use and network lifetime, as well as communication overhead and optimization
convergence. Moreover, aspects related to robustness under satellite data losses and sensor faulty
occurrences, scalability in the aspect of increased sensor density, energy — accuracy trade-offs are also
examined within the analysis. This study makes comparisons against the satellite-only, sensor-only, fixed-
fusion and adaptive-fusion methods. Besides, the optimization component is compared with Genetic
Algorithm (GA), Multi-Objective Particle Swarm Optimization (MOPSO), MOEA/D, NSGA-II and
standard HBA [7].

The contributions of this study can be outlined as follows:
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e A novel soil sensing architecture is created for agricultural monitoring in areas with no electricity
by utilizing satellite observations and local sensing together.

e This study presents an innovative adaptive sensing technique that helps to minimize unnecessary
measurements by re-adjusting the sensing activity based on changes in surroundings.

e A new technique is developed that allows flexible modification of the input contribution from each
sensing method depending on how much reliable it is in terms of its attributes and by avoiding
static fusion weight mechanisms.

e AMHBO, the new adaptive Honey Bee Optimization method is introduced to jointly optimize and
enhance the performance in terms of quality of estimation, energy spent, communication burden,
and network life time.

e The studied framework and its attributes are tested under simulation conditions in order to measure
various features, including convergence, operation characteristics, Pareto front, and effectiveness
of the proposed methods.

e The framework itself is targeted at agricultural areas with limited resources where fixed-rate
approach will not work effectively because of its constant need of energy and being connected and

available.

The remainder of this paper is organized as follows. Section 2 presents the related work on satellite-based
agricultural monitoring, loT soil sensing, adaptive sensor fusion, and optimization-based smart agriculture.
Section 3 describes the proposed AMHBO-SCSS framework, including its system architecture, adaptive
sensing mechanism, satellite—ground fusion strategy, and section 4 present multi-objective optimization
formulation. Section 5 presents the simulation setup, datasets, evaluation metrics, section 6 demonstrate
comparative results, and detailed discussion on results. Section 7 concludes the study and identifies

directions for future research.

2. Related work

2.1 Smart Agriculture and Precision Farming

Smart agriculture has come to be regarded as a major area of application of IoT, artificial intelligence,
wireless sensor networks, and remote sensing technologies. The main goal of smart agriculture is to change
traditional agriculture practices into information-based agriculture practices, where conditions in fields are
monitored continuously, and the allocation of agricultural resources is based on specific requirements of
crops and soil. In case of smart agriculture systems, distributed sensors are used for measuring soil moisture,

temperature, humidity, light, rainfall, and other environmental indicators [8].
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Traditional precision-agriculture systems usually consist of four layers: sensing layer; communication
network; processing platform; and agriculture decision-support system. While such systems work well in
well-connected agricultural areas, their efficiency significantly reduces when we talk about remote
territories. When there is no terrestrial communication infrastructure, the use of switches and cellularly
connected devices raises costs of either installation or maintenance. What is more, constant monitoring and
communication make sensor nodes use energy quickly [9]. This issue is especially relevant in rural regions
with the dispersion of farms over long distances. A pure sensor network must therefore either rely on using
a great number of units to cover the area adequately or enhance the distance of detection per unit to gain
coverage in a specific location. As a result, there has been an increasing interest in hybrid sensing systems

that make use of local data and data received from outside sources [10].

2.2 IoT-Based Soil Monitoring

Soil monitoring plays an essential part in the process of precision agriculture as soil characteristics affect
plant growth, irrigation needs, and nutrient management. The significance of soil moisture comes especially
from the fact that wrong irrigation practices can lead to wasting water, nutrient loss through leaching, root
damage, and loss of yields. Moreover, some parameters such as soil temperature, electrical conductivity,
pH, and nutrient content can help obtain information necessary to understand field conditions and crop

needs [11].

Wireless sensing systems can be based on low-power sensor nodes that are placed in different positions
around the agricultural field. These nodes receive data on soil parameters from time to time and send them
to a certain cloud platform or a local gateway. Research on adaptive sensing methods have taken place to
minimize the number of unnecessary measurements in the process of changing measuring frequency
according to the variability of environmental conditions. These methods allow to prolong the life of the
sensors and decrease the amount of data sent [12]. Yet, soil-sensing systems remain highly dependent on
the quality and availability of measurements carried out locally. Sensor malfunction, battery running out,
communicating problems, calibration issues, and spatial variability may lead to insufficient measurements.
Increasing the number of sensors would enhance spatial coverage and would increase costs, decrease energy

efficiency, and complicate the maintenance process of the sensors [13].

2.3 Satellite Remote Sensing for Agriculture

The use of satellites in remote sensing provides an alternative method for monitoring agricultural areas on

a large scale. Satellites can cover large areas without the need for any physical installation at the site of



123
124
125
126
127
128
129

130
131
132
133
134
135

136

137
138
139
140
141
142
143
144

145
146
147
148
149
150
151
152
153

observation, unlike terrestrial sensors. Information from satellites can be used to characterize vegetation,
land surface temperature, crop growth, water conditions, and other parameters of interest [14]. Satellite
vegetation indices obtained from multispectral satellite data are commonly employed in determining crop
development or vegetation changes. This valuable data is beneficial in crop classification, drought
monitoring, biomass forecasting, yield prediction, and determination of areas with crops Under stress.
Hence, the data from satellites is useful in areas where ground-based equipment is not available or feasible

[15].

Nevertheless, satellite monitoring has a number of drawbacks. Compared to point-based soil sensors,
satellite data has a low resolution due to satellite's long revisit period which makes it less effective in
monitoring rapid dynamics on soil's surface. Furthermore, cloudiness and atmospheric effects may reduce
the overall quality of some readings. Even more importantly, remote sensing delivers indirect values for
soil characteristics rather than their real values. Therefore, satellite data are intended to complement local

measurements and not substitute for them [16].

2.4 Integration of Satellite and Ground-Based Sensing

The combination of satellite data with in-situ data has become more and more important in large-scale
environmental monitoring. Specifically, ground-based sensors offer point observations while satellites are
able to cover a larger area. Hence, it is possible to generate a better picture of agricultural conditions when
using both sources together [17]. Using a satellite-ground sensing architecture, local measurements may be
applied to improve the values obtained by means of satellites. On the contrary, satellite data can show the
occurrence of certain spatiality and gain information on where ground measurements are necessary. Thus,
this close relationship can help cut the number of ground sensors needed to ensure sufficient monitoring

quality [18].

Nevertheless, the appropriate data fusion introduces new challenges. Ground-based observations and those
obtained from satellites can differ in spatial resolution, temporal sampling frequency, types of
measurements, and uncertainty. Thus, there should be a special mechanism that takes into account the
differences in the sources’ data instead of simply fusing different data or values together. Relationships can
be built with the help of machine learning, regression, interpolation, probabilistic estimation, or
spatiotemporal modeling [19]. For off-grid agriculture, this combination is especially effective because
ground sensors can function for quite a long period of time while satellite data can provide external
information. However, functioning well completely relies on the coordination between sensing,

communication, and data processing [20].
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2.5 Edge Computing for Remote Agricultural Systems

In order to make the steps of data processing closer to its source, edge computing has been used in smart
farming. Instead of sending all raw metrics to the common cloud platform, edge devices realize
preprocessing, filtering, feature extraction, and detection of anomalies. As a result, communication costs
for the agricultural data processing systems can be decreased and the time required for responses can be

reduced [21].

How edge processing is especially useful for off-the-grid systems is that the amount of data transmitted in
communication can be very high as far as energy consumption of a sensor node comes from the data
transmission. Thus, local processing can illustrate whether the procured data can be of any importance
before forwarding it to the main processing facility. For example, the sensor node may immediately send a
signal about a considerable decrease in moisture level of the soil while ignoring the non-significant readings
during stable conditions [22]. Nevertheless, edge devices have their limitations in terms of their energy
source and computational capabilities. Sophisticated machine learning techniques may require resources
which are not available with low-powered devices. Therefore, edge technologies applied in agriculture
should find a compromise between prediction performance and computational costs. By using simple
models, adaptive inference, selective transmission, and hierarchical processing, it is possible to achieve this

goal [23].

2.6 Energy-Efficient IoT in Off-Grid Environments

Energy consumption efficiency is essential for applying [oT devices on farms when there are no reliable
power sources. These devices use battery packs, solar modules, and other renewable energy sources.
Notably, the available energy can depend on the weather or seasons and type of equipment. This means that
a static energy management strategy can hardly guarantee long-term reliability [24]. Almost all the energy
consumption in the wireless sensor network comes from communication. This means that unnecessary data
transmission can shorten its operational time. Adaptive transmission strategies try to solve this problem by
transmitting only the most useful data or adjusting the transmission frequency according to the environment

[25].

There are some routing and clustering technologies that lower the overall communication expenses.
However, the existing solutions usually optimize network parameters such as distance and cost without
taking agricultural importance of single measurements into account. One observation about dry soil can be

much more important than long-term measurements in severe weather conditions [26].
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2.7 Optimization Techniques for Smart Agriculture

Optimization algorithms have been thoroughly studied in agricultural resource management including
irrigation scheduling, crop planning, energy management, sensor placement, routing, and task scheduling.
Traditional mathematical optimization methods can yield appropriate results under well-defined system
parameters and constraints. On the contrary, the agricultural environment is changing, nonlinear and
uncertain, thus making exact optimization too demanding in terms of computational power during large-

scale application [27].

Metaheuristic optimization algorithms have been of great interest as they allow for good-quality solutions
to complex nonlinear problems without needing strict assumptions about the nature of the sought area.
Genetic algorithms, particle swarm optimization, ant colony optimization, differential evolution, and other
bio-inspired methods have also been used in problems of agricultural scheduling and IoT resource

management [28].

The concept of multi-objective optimization is applicable in smart agriculture as agricultural practices must
adhere to multiple opposing objectives. As an illustration, it might not be possible to reduce energy
consumption without cutting down on the degree of sensing and communication carried out; on the other
hand, it could be impossible to boost the accuracy of monitoring without increasing the number of sensors.
It could also take longer to process information when the process is carried out on-site. Thus, the multi-
objective paradigm will allow finding solutions that lead to balanced achievement of these contradictory
objectives [29]. However, most of the noted optimization systems related to agriculture refer to certain
issues of resource management (such as irrigation or sensor scheduling) rather than making use of satellite
data, ground-data acquisition, energy constraints, communication limitations, and agricultural decision-

making [30].

2.8 Research Gap

From the literature, there has been major advancement in the area of agriculture through IoT, soil sensing,
satellite monitoring, edge computing, and optimization. Still, there are certain limitations. To start with, the
technologies of ground sensing and satellite monitoring are often viewed as separate approaches. The
systems based on sensors guarantee high accuracy in local terms, however, lack spatial coverage, and
require infrastructure, whereas satellite systems ensure large coverage area but they do not possess
sufficient temporal and localized information for soil management [31]. Secondly, lots of sensing systems

that involve satellite technologies do not deal with the optimization of communication and other resources
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in case some estimations have been made. However, for off-grid environments the energy needed to gather,
process, and transmit is of vital importance [32]. Lastly, the current methods of optimization in agriculture
IoT still deal with the optimization of certain objectives only, i.e. energy consumption level, route cost,
irrigation efficiency, or sensing accuracy. There have been very few comprehensive multiple-objective
approaches that would take into account the correlations between accuracy of soil estimation, energy

consumption level, communication costs, latency, and agricultural utility [33].

Fourthly, the dynamic nature of the environment is ignored in many fixed sensing techniques. Agriculture
is subject to quick changes due to rain, irrigation, severe weather changes, and crop growth. Thus, it is
necessary to implement sensing and communication protocols that will adapt their operation to the

environment changes as well as the current information acquired [34].

Lastly, off-grid agricultural practices need to be developed with an idea of self-sufficiency and resilience
because of the constant nature of terrestrial communication and energy supply. Therefore, a practical
framework must be one that employs local sensing and transmission of satellite-based information and must

work in conditions of intermittent connectivity and energy limitations [35].

This research solves the issue by introducing the framework for soil sensing and optimization, which is
intended for off-grid agricultural areas. The framework the study proposes combines measurements locally
with satellite observation, adopts adaptive data fusion, and employs cutting-edge processing to ensure
multi-objective optimization. In contrast to the methods that optimize monitoring, communication, or
agricultural decisions independently from each other, the framework considers all of those aspects

simultaneously to enhance the quality of monitoring and minimize the use of resources.

3. Proposed Satellite-Coupled Soil Sensing Framework

The Adaptive Multi-Objective Honey Bee Optimization for Satellite-Coupled Soil Sensing (AMHBO-
SCSS) system will be used for smart farming in remote and off-grid areas without access to electrical
energy, cell phone signal, Wi-Fi connection or traditional cloud services. The innovative system combines
local soil sensing, edges intelligence collected with the use of satellites, adaptable data fusion between
satellite and ground systems, ability to solve many tasks at once, and agricultural decision-making support

into a single system [1].

The main aim of AMHBO-SCSS is to provide timely and accurate information about the state of the soil
and environment while paying less attention to the consumption of resources required for sensing,

processing, transmitting, and making decisions. The framework differs from traditional monitoring methods
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is that it assesses the specific conditions, technological capabilities, and resources available to change

ecological monitoring frequency and information source contributions in real time.

The proposed architecture is explicitly organized into five functional layers:

Layer 1 — Soil Sensing Layer
Layer 2 — Local Edge Processing Layer
Layer 3 — Satellite Observation Layer

Layer 4 — Adaptive Data-Fusion and Multi-Objective Optimization Layer

A A

Layer 5 — Agricultural Decision-Support Layer

The five layers’ function together. Layer 1 collects localized soil data, Layer 2 checks and prepares the
data, Layer 3 offers satellite information, Layer 4 integrates different pieces of information and does the
multi-objective optimization, and Layer 5 transforms the recognized agricultural status into specific
recommendations. Then the feedback from the decision-making layer is applied to improve the processes

of sensing and optimizing the work.
3.1 System Entities and Notation

Let the agricultural field contain a set of N distributed sensing nodes:
S = {51, S92, ey SN}

where N represents the total number of deployed soil-sensing nodes. Each sensor periodically observes a

vector of soil and environmental parameters:

Xioy = [Mice), Ticey Hicoy Cicoy Pice |
Here, M;) is the soil moisture, T;(;) is the soil temperature, H; ) is the indicator of quality known as
humidity, then C; ;) is a piece of information regarding conductivity and, in addition to this, P;(;) is another
measurement which is known as soil property measurement. The whole observation from the sensor s; at

time t can be expressed as:

Dty = {Xiwy Ei(e» Qiv)}

Here E;y represents the sensor i 's remaining energy and Q;( indicates an observation's quality or

confidence. Under this framework, it is not necessary for each sensor to relay its entire observations at all



270
271

272

273
274
275
276
277

278

279
280
281
282

283

284
285

286

287
288
289
290
201

292

293
294
295

times. In this framework, sensing, transmitting, aggregating, and suppressing decisions are determined

through processing, fusion, and optimization.
3.2 Layer 1 — Soil Sensing Layer

The Soil Sensing Layer is the physical sensing component of the AMHBO-SCSS system. The soil sensing
layer has been designed be various low-energy sensors dispersed throughout the field and collect
information about the current physical soil condition. The sensors may operate on battery or solar energy.
This layer's main job is to distribute timely and geographically relevant information regarding

environmental conditions while constantly being aware of the limited energy at the individual sensor level.
3.2.1 Sensor Node Configuration

The various nodes of sensor must have their own unique features like geographical position of sensors
(location node), capability to perform sensing function (sensing node), the amount of energy that is
available on its own (energy node), as well as the capability for communication (communication node). In

mathematical terms, the node features can be expressed as follows:
si={LiBi,E;, R;}

where L; is a position of the sensor, B; is its sensing ability, E; is available amount of energy, and R; is its

capability for communication. The duration of time delay for the sensor i can be determined as follows:
min _max
Tip € [T/, T

wheret]"" is the minimum time interval for the sensor to obtain information during sensing process, and

T is the maximum time interval for the sensor. In case of shorter intervals for monitoring, the sensor
can take measurements with higher frequency but needs more energy, while a longer interval makes
consumption of power less but may result in failure in obtaining information on changes in the

environment.
3.2.2 Adaptive Soil Sensing

AMHBO-SCSS does not use a standard sensing time for each operating condition. Rather, the sensing
frequency changes with respect to environmental variability, information worth and residual energy. The

adaptive sensing strategy can be defined as follows:
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Tier1) = F(AXie), Eiey Uio))

where AX ;) denotes the level of environmental changes, E ;) is the amount of energy remaining in sensor
i and U refers to the expected value of the information obtained from measuring something. If the
environment changes at a high rate, then the system will decrease the value of ;) and increase the sensing
frequency. In contrast, when the environment remains unchanged for a period of time, the value of 7

will be increased in order to avoid any unnecessary sensing actions, which means that this adaptive process
is the first resource management function of AMHBO-SCSS and offers information for the edge-processing

and optimization layers.
3.3 Layer 2 — Local Edge Processing Layer

Situated in proximity to the field sensors, the Local Edge Processing Layer performs computational
operations prior to data transmission to successive layers. One of the objectives of this layer is to limit
communication that is not warranted and eliminate incorrect readings, local anomalies, and produce
compact sensor measurements [21]. The significance of local processing is especially important in terms of
off-grid agriculture; sending every piece of raw data would consume more energy than processing the data

locally.
3.3.1 Sensor Data Preprocessing

The edge node is responsible for validating gathered sensor information, filtering out noise, identifying

missing values, extracting features, identifying anomalies, and conducting local quality checks. Let Dy

denote the raw measurement provided by the sensor i. Preprocessing can be defined as follows:

=

Diwy = Fypp,y)

where F,(, is the function that performs preprocessing and D i(t) 1s the validated value. The measurements

that do not meet predefined quality requirements may be either discarded, labeled as uncertain, or kept with
a reduced confidence score, thus preventing unreliable measurements from negatively affecting the

satellite—ground fusion procedure.

3.3.2 Edge-Based Anomaly Detection
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The edge layer checks if some observations are significantly different from the expected local conditions.

The anomaly score is expressed in the following way:
Aiw) = [Xi — Xio|

where X it) 1s the expected state of the environment based on historical observations, or neighbouring
observations, or utilizing the proper local prediction method. If A i(t) exceeds the threshold level, the
measurement can be marked as anomalous or too informative. This can lead to additional sensing, some
changes in data transmission priority, or additional verification. This makes it possible for the edge layer to

differentiate between common observations and important environmental changes in advance.
3.3.3 Edge-Based Local Aggregation

Edge node aggregates redundant information from a number of observations prior to sending the
information to Layer 4. Since local aggregation reduces the total amount of data sent, it saves

communication energy. The aggregated observation is shown by the following equation:
Dedge(t) = Fa(ﬁl(t)rBZ(t)z---zBm(t))

where F,(+) denotes the local aggregation function and m is the number of observations being processed
by the edge node. This means that Layer 2 performs the functions needed for local intelligence,
preprocessing, anomaly detection, and aggregation of heterogeneous data prior to bringing them into the

adaptive processing and optimization.
3.4 Layer 3 — Satellite Observation Layer

The satellite monitoring layer offers widespread information about the monitored agricultural sector.
Although ground sensors yield localized data, satellite observations allow for much broader
contextualization and enable us to obtain information about those regions that are not adequately

represented by land sensors. The satellite monitoring layer complements, rather than substitutes, Layer 1.
3.4.1 Satellite Observation Representation

According to the type of product generated from satellites, features that have been captured can include
multispectral data, indices of vegetation, land-surface temperatures, surface reflectance, precipitation data

and others. Let the satellite observation corresponding to I; and time t be expressed as:
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Zipy = [Vicey Ricey Licey Wicey, - |

where V_i(t) denotes information on vegetation, R;(;) denotes spectral or reflectance features, Ly
describes land-surface characteristics, and W) defines the weather or water-related information

acquired from satellite observations.
3.4.2 Satellite Observation Confidence

Cloud contamination, observation age, spatial resolution, atmospheric conditions, and incomplete
observations are examples of sources of uncertainty in satellite observations. For this reason, it is necessary

to assign each satellite observation a value of confidence, that is:
;" € [0,1]

The high value of qfat(t) implies that the corresponding satellite observation can be used with confidence.

Likewise, the processed ground observation is also assigned a confidence value qf ® | These values of

confidence are then used by Layer 4 to compute the contributions from satellite and ground observations.
3.4.3 Satellite—Sensor Spatial and Temporal Alignment

Satellite observations are correlated with ground measurements depending on geographic location and
observation time. This correlation makes it possible for satellite data to provide surrounding contextual data
to the sensor locations as well as additional information where there is no ground data. The correlation

function can be written generally as follows:
O =F_ . (Z(,
i allgn( ( ir ts), t)

where Z(1;, t,) is the satellite observation corresponding to location l; and satellite acquisition time tg,
while F 5;9n(.) is the correlation function. Therefore, layer 3 provides the necessary context required by the

adaptive fusion and optimization layer.
3.5 Layer 4 — Adaptive Data-Fusion and Multi-Objective Optimization Layer

The Adaptive Data-Fusion and Multi-Objective Optimization Layer is the primary intelligence layer of
AMHBO-SCSS. In this layer, data from ground observations (Layer 2) as well as satellite observations

(Layer 3) are combined to assess the agricultural situation, identify the context sensing needs, as well as
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estimate energy and communication expenditures and conduct multi-objective optimization. Thus, all

important algorithmic work of the framework will be performed at Layer 4.
3.5.1 Adaptive Satellite—Ground Data Fusion

Let G;(y denote the processed ground information acquired via Layer 2, while Z;( indicates the related

satellite data acquired via Layer 3. The combined environmental assessment is given as:

t
Yi(t) = Fy (Gi(t)vzi(t)' g/, q?““”)

where Fy() denotes the fusion function, q‘f ®

sat(t)

refers to the ground-sensing certainty, and q; refers to

the satellite-sensing certainty. The weighted fusion formulation is presented by:
Yi(®) = w{ ) + wi*(©2,(0)
such that:
wI® 4w ® = 1 ang:
wi ® > o, wfat(t) >0

In this case, the weights are dynamically controlled based on the data quality, temporal relevance, spatial
consistency, and environmental factors. In case there exist reliable data from the local sources, the ground
sensing influence can be maximized. If ground measurements are unreliable or not available, the
contribution of satellite input can be maximized. This adaptive fusion mechanism is regarded as a main

redundancy and stability mechanism of the proposed method.
3.5.2 Agricultural-State Estimation

The integrated observations were employed in determining the current agricultural state. Let the agricultural

state be defined as follows:

o6@) = [M@®),T®),V(D),W(),S®)],
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where M(t) is defined as the soil moisture, T(t) is defined as the soil temperature, V(t) is defined as the
vegetation status, W(t) is defined as the water status, and S(t) is defined as the overall agricultural or soil

condition [6]. The estimated agricultural state is defined as follows:
6'(t) = Fe(Y(D)),

where Fe(:) 1is defined as the estimator and Y (&) is defined as the integrated observations set. The
estimation model can be applied from any conceivable statistical, machine learning, or lightweight

forecasting model in accordance to the computational abilities available at the optimization layer or edge.
3.5.3 Context-Aware Sensing and Transmission

The proposed system uses a method known as context score to assess the validity of the use of sensing or

communication. The context score is formulated as such:
Cicvy = @Ayr) + BUyp) + YRy + OE;p

where A i(t) is the environmental fluctuation, U i(t) stands for information significance, R i(t)
demonstrates the risk of agriculture-related activity, E_i(t) expresses normalized residual energy condition
(energy that has been wasted) and a, B, y and d serve as weighting coefficients. The coefficients involved

must meet the next requirement:
at+tpB+y+é=1

If the context score is high enough, it states that the costs of sensing and communication might be justified

with the help of an important agricultural value. The use of transmission is described by the next equation:
Tiw) = (1,&Cir) = 07@0,&Ci(y) < O7)

where 07 shows the threshold for the start of transmission. This system allows the measurements of lower
value not to use communication means but to keep the ability to notify essential events taking place in the

environment.
3.5.4 Energy Consumption Model

Energy usage is specifically included in AMHBO-SCSS because sensing nodes are created to work in an

off-grid environment. The total energy usage of the sensor i can be defined as:
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EfOtel(t) = EFemse(¢) + EPT°(6) + EF¥(6) + E[*(0),

where Ef¢™¢(t), EP™°°(£), EF¥ (¢), and ET*(t) show energy usage used for sensing, processing,

transmitting and receiving, respectively. The transmission energy is estimated as:

EF(6) = ki(®)Espec + ki(t)sampdiz(t) , in which k;(t) is the size of transmitted data, E,.. is the energy
consumption in electronics, &gy, is the amplifier factor, and d;(t) is the distance of communication. The

residual energy can be expressed as:

Ei(t + 1) = E;(t) — Ef°'(t) + E!"™V(t), where E*™V(t) is the harnessed energy, such as solar energy.
This formulation allows the optimization layer to take into account how sensing and communication

decisions influence the operational lifespan of the sensor networks.
3.5.5 Communication Model

Due to the fact that terrestrial communication may not always be effective in off-grid conditions, AMHBO-
SCSS has the assumption that continuous communication is not guaranteed [5]. Let us denote p_i(t) as the

likelihood that sensor 1 has an available communication link:

When communication is absent, the readings can be saved at the sensor or edge node and sent after the

recovery of the communication route [21]. The formula for communication cost indicates that:

Ceomm(t) = §V=1 k;(0)d; (),

where k;(t) is a volume of transmitted data, and d;(t) affects the communication distance or coefficient.
This communication model enables the optimization level to decrease unnecessary communication thus

enabling to have the most relevant agri-information.
3.5.6 Multi-Objective AMHBO Optimization

The AMHBO component determines the sensing, transmission, fusion, and resource-allocation decisions

[5]. The optimization vector is represented as:

x(t) = [11(2), o, TN (@), TL (D), e, Ty (), W (D), e, Wi (8)]
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The optimization vector therefore contains the sensing intervals, transmission decisions, and adaptive

ground-sensing weights that determine the operating configuration of the system.

Estimation Error Objective: The first objective minimizes agricultural-state estimation error:

N
1
@ =5) h© - vl
i=1

where Y;(t) represents the estimated fused state and Y;""*¢(t) represents the corresponding reference state.

A lower value of f; (x) indicates better estimation performance.

Energy Objective: The second objective minimizes total energy expenditure:

N
AOEDYNE
i=1

A lower value of f 2(x) indicates greater energy efficiency.

Communication Objective: The third objective minimizes communication overhead:

N
H@=) ka®
i=1

where k;(t) represents the amount of information transmitted by sensor i. A lower value of f3(x) indicates

lower communication overhead.

Latency Objective: The fourth objective minimizes decision latency:

N
1
AO=7) L®
i=1

where L;(t) represents the time required to acquire, process, transmit, and utilize the information associated

with sensor i. A lower value of f, (x) indicates faster decision support.

Overall Multi-Objective Formulation: The complete optimization problem is formulated as:
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min, F(x) = [f1(x), f2(x), f3(%), fa(x)]

The optimization is subject to the following constraints.

Energy constraint: Ei(t) = EM™n
Sensing-interval constraint: T < 7y(t) < T
Ground-fusion-weight constraint: 0< wig <1
Satellite-fusion-weight constraint: 0<w () <1

Fusion-weight consistency constraint: wig ® +wi% () =1

Binary transmission constraint: T;(t) € {0,1}

The conditions imposed guarantee that the optimized arrangement is applicable to agricultural sensing
nodes with limited resources. In the AMHBO process, the various candidate solutions are examined in light
of four objectives and attempted solutions that showed promise were searched. The obtained non-dominated

candidate solutions eventually create the adaptive operating configurations for the agricultural decision-

making level to follow up.

3.6 Layer 5 — Agricultural Decision-Support Layer

The layer of decision-making for agriculture is the last layer of the AMHBO-SCSS system. This layer
converts the optimized information about the agricultural situation which has been generated by Layer 4
into practical recommendations that can be used by farmers. The main aim of this layer is to convert

technical results of the sensing and optimization processes into information that would help farmers and

agricultural managers.
3.6.1 Agricultural-State Interpretation
The estimated agricultural state is represented by:

0(t)
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This state is evaluated against predefined agricultural thresholds, historical conditions, field requirements,
and contextual information. The decision-support layer can identify conditions such as: insufficient soil
moisture [6]; excessive soil moisture; abnormal soil conditions; high environmental variability; areas
requiring additional sensing; regions requiring irrigation priority; and areas requiring further agricultural

inspection.
3.6.2 Irrigation and Intervention Recommendations

The system would then give recommendations with regard to the irrigation priorities, additional sensing
items, or field-level interventions depending on its assessment of the agricultural condition and relevant

context information. The irrigation-priority indicator can be simply expressed as follows.

() = f ({79 = My(6), Ri(), Vi(©))

where M f arget represents the target soil-moisture condition, M; (t) represents estimated soil moisture, R; (t)
represents agricultural risk, and V;(t) represents environmental or vegetation conditions. An amplified
value of I i(t) means an increased irrigation priority. Hence, the decision-support layer is designed to
convert the optimized environmental set of information into feasible agricultural practices instead of

directly controlling all agricultural operations.
3.6.3 Feedback to the Lower Layers

The Decision Support Layer also gives inputs to the Sensing and Optimization layers. For instance, as the
framework detects the agriculture region that is classified as high risk, it can increase the priority of sensing,
shorten the permissible sensing period, or prioritize the transmissions of the observations from that region.

The feedback process can be represented conceptually as:
O@t) » D(t) = C;(t+ 1), 7;(t + 1), Ti(t + 1)

where D(t) represents the agricultural decision generated at time t. This feedback creates a closed-loop

architecture in which agricultural decisions influence subsequent sensing and optimization decisions.
3.7 Overall Operational Workflow

The five-layer architecture operates through a continuous closed-loop workflow.
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Step 1 — Local sensing: Layer 1 collects soil and environmental observations from distributed sensor
nodes.

Step 2 — Local preprocessing: Layer 2 validates, filters, aggregates, and evaluates the quality of the sensor
observations.

Step 3 — Satellite observation: Layer 3 acquires satellite observations corresponding to the monitored
agricultural region.

Step 4 — Spatial and temporal alignment: Satellite observations are aligned with the locations and
observation periods of the ground sensors.

Step 5 — Adaptive fusion: Layer 4 combines processed ground measurements and satellite observations
using dynamically determined confidence-aware weights.

Step 6 — Agricultural-state estimation: The fused observations are used to estimate the current soil and
agricultural state.

Step 7 — Context evaluation: Environmental variability, agricultural risk, information value, and residual
energy are evaluated to determine whether additional sensing or transmission is justified.

Step 8 — AMHBO optimization: The multi-objective optimization process searches for an appropriate
combination of sensing intervals, transmission decisions, fusion weights, and resource-allocation
parameters.

Step 9 — Adaptive sensing and communication: The optimized decisions are transmitted to the appropriate
sensor and edge nodes. High-value observations are retained and transmitted, whereas low-value redundant
measurements may be suppressed or aggregated.

Step 10 — Agricultural decision support: Layer 5 interprets the estimated agricultural state and produces
irrigation, monitoring, or intervention recommendations.

Step 11 — Feedback: The resulting agricultural decisions and newly observed environmental conditions

provide feedback to Layers 1 and 4, enabling the next sensing and optimization cycle.

The complete process can therefore be summarized as:

Layer 1 - Layer 2 - Layer 3 - Layer 4 - Layer 5

0 |
| I

Feedback Loop

The architecture operates continuously so that changes in soil conditions, satellite-data quality, sensor
reliability, communication availability, and energy availability can influence subsequent sensing and

optimization decisions.
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3.8 Summary of the Five-Layer Architecture

The proposed AMHBO-SCSS architecture consists of five clearly separated functional layers (Table. 1),

each having a specific role in the overall smart-agriculture system [5].

Table. 1 Layers and its responsibilities

Layer Name Responsibilities Main Output
Layer 1 | Soil Sensing Layer Soil/environmental measurement, Raw/local
adaptive sensing, energy monitoring observations
Layer 2 | Local Edge Validation, filtering, anomaly detection, Validated and
Processing Layer feature extraction, local aggregation processed
observations
Layer 3 | Satellite Observation | Satellite acquisition, spatial coverage, Satellite observations
Layer contextual information, confidence
estimation
Layer 4 | Adaptive Data-Fusion | Satellite—ground fusion, state estimation, | Optimized sensing
and Multi-Objective | context evaluation, energy modeling, configuration and
Optimization Layer communication modeling, AMHBO agricultural state
optimization
Layer 5 | Agricultural Decision- | Agricultural-state interpretation, irrigation | Actionable
Support Layer prioritization, intervention agricultural decisions
recommendations, feedback

The functional relationship among the five layers can be expressed as:

Li—->Ly,—>L;—>L,—> Lg

with feedback from the decision-support layer to the sensing and optimization processes:

Ls = {L1, L4}

As aresult, the architecture outlined above establishes a closed-loop relationship between physical sensing,

local intelligence, satellite observations, adaptive fusion, multiple objective optimization and agricultural

decision-making support. The design of these five layers is such that all the functions carried out by the



549
550
551
552
553
554
555
556

557

558
559
560
561
562
563
564

565
566
567
568
569
570
571
572
573
574

575

576
577

mentioned layers, including sensing, processing using satellite technology, optimization and decision-
making, can be clearly distinguished from one another but still work as one unified system [2]. The
architecture also gives a perfect ground for the experimental testing explained in the fourth section of the
paper. Specifically, in the context of estimation experiments, the sensing and fusion processes were
evaluated, during energy and communication experiments resource management mechanisms were tested,
convergence and pareto analyses were performed to check AMHBO optimization system, robustness and
scalability tests provided information about system resilience and adaptive sensing and fusion weight

experiments demonstrated dynamics of layers 1 and 4.

4. Adaptive Multi-Objective Honey Bee Optimization

Layer 4 of the AMHBO-SCSS architecture includes an optimization problem that contains various
conflicting objectives. Increasing the sensing frequency leads to an enhanced soil condition identification
on the one hand, but contributing to a bigger energy usage and additional communication overhead on the
other hand. Likewise, in order to attain less information loss, one may set larger number of observations to
be sent, however, this comes with the price of increased battery draining and reduced lifespan of remotely
situated sensor nodes. Satellite observations allow enlarging the covered area, but their application adds the

need for further processing of the obtained data.

Therefore, a conventional single-objective optimization method cannot be used on the proposed problem
of agricultural monitoring, since the improvement of some performance indicator can lead to the
degradation of some other indicator. Therefore, AMHBO has been applied to find the trade-off solution to
the problem. AMHBO is a method that mimics the behavior of honey bees. In the methodology being
proposed, the basic parameters of the method include time intervals, data transmission decisions, weights
of the processing stages and other parameters regarding data processing. In the method, some classes of
bees are used to explore the discovered regions; onlookers search for the best solutions and scouts are
invited to provide new solutions in case no new states can be generated. The uniqueness of AMHBO is that
it includes the adaptive search method. In particular, the ratio of exploration and exploitation is being

changed depending on the current development of the optimization process and the state of the environment.

4.1 Optimization Representation

Each candidate solution represents a complete operational configuration of the agricultural sensing

system. For the j-th candidate solution, the optimization vector is defined as:
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- 9 .,9 g
xXj = [T, T2 s TN, T Toy v, T Wi, W5 s o, Wi ]
where T; represents the sensing interval of sensor i,T; represents its transmission decision, and Wl-g

represents the contribution of ground sensing in the satellite—ground fusion process. The corresponding

satellite contribution is obtained from the fusion constraint:

wit =1—-wf
Therefore:
o<w?<1
and

0<wf<1

Each candidate solution consequently determines: how frequently individual sensors should acquire
measurements; which observations should be transmitted; how ground and satellite observations should be
combined; and [2] how the available sensing and communication resources should be utilized. The
optimization vector can therefore be interpreted as a complete adaptive sensing and fusion policy for the

agricultural field.
4.2 Multi-Objective Fitness Model

The four objectives defined in Section III are retained without modification:1) environmental estimation
error; 2) energy consumption; 3) communication overhead; and 4) decision latency. Because these
objectives have different units and numerical ranges, their values are normalized before they are used for

candidate comparison.
4.2.1 Estimation-Error Objective

The first objective minimizes the difference between the estimated and reference agricultural states:

N
1
hw =5 [O-rrel’
i=1
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where Y;(t) represents the estimated fused state and Y;""*¢(t) represents the corresponding reference state.

A lower value of f; indicates better estimation performance.
4.2.2 Energy-Consumption Objective

The second objective minimizes the total energy consumed by the sensing network:

N
L@ =) B
i=1
where Eit"t“l (t) represents the total energy consumed by sensor i. A lower value of f, indicates greater
energy efficiency.
4.2.3 Communication-Overhead Objective

The third objective minimizes the amount of information transmitted through the communication

infrastructure:

N
H@=) k®
i=1

where k;(t) represents the transmitted data volume of sensor i. A lower value of f; indicates reduced

communication overhead.
4.2.4 Latency Objective

The fourth objective minimizes decision latency:

N
1
AO=7) L®
i=1

where L;(t) represents the time required to acquire, process, transmit, and utilize the information

associated with sensor i. A lower value of f, indicates faster agricultural decision support.

4.3 Objective Normalization and Contextual Fitness
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Since the four objectives have different scales, each objective is normalized before candidate solutions are

compared. The normalized estimation error is:

- A
fi= flmax _flmin +¢
The normalized energy consumption is:
f _ f2 - mein
=

fzmax _ fzmin +¢

The normalized communication overhead is:

- fa=

fs= f3max _ f3min +e
The normalized latency is:

N T

fa= 4max _ f4min +e

where ¢ is a small positive constant introduced to prevent division by zero. A contextual scalar fitness value

is then calculated as:
F=M0fi+Xf+3fs+Mfy
subject to:
M+ +A3+4,=1

In this case, 11, 4,, A3, and A, refer to the importance associated with the accuracy of estimation, energy
usages, overhead communication, and delay. The contextual weights are updated as per the agricultural
field conditions. Like in case the energy consumption is too low, the importance accorded to the energy
consumption will be given more weight for optimization. Similarly, if there are more variations in
environmental conditions, more importance can be given to the accuracy of estimation and delay. This
mechanism allows the AMHBO to optimize the system as per the present operating situation instead of

opting for the same objective preference throughout the entire simulation.
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4.4 Pareto-Dominance and Archive Management

Although the contextual fitness value is a good means to order the alternative solutions, the optimization
involved in this method still requires the calculations for multiple objectives. For this reason, the research
uses a Pareto archive to save the non-dominated alternatives. The solution x_a dominates the solution X,
if:

fie(xa) < fie(xp)

for every objective k, and:

Ak: fi(xg) < fi (xp)

Thus, x, is no worse than x;, in all objectives and strictly better in at least one objective. The set of non-

dominated solutions is represented as:
P = {x;: xjis non — dominated}

The update of the Pareto archive takes place at the end of each major searching phase. The solutions which
are forced out will not be included while new non-dominated points will be stored. This is of crucial
importance due to the fact that the agricultural sensing problem does not necessarily imply the existence of
a single optimal solution. A configuration which minimizes energy may work with bigger errors in
estimation and another configuration may give the better accuracy on estimation but require more resources

for its operation.
4.5 Employed-Bee Phase

The employed-bee phase performs local exploration around currently available candidate solutions. For

candidate solution j and optimization dimension d, a neighboring solution can be generated as:
U]d = x]d + (p]d(x]d - xkd)

where k represents a randomly selected candidate different from j and ¢;d is a random perturbation

coefficient. The perturbation coefficient is generated within the range:
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The candidate obtained is subjected to the constraint-repair mechanism discussed in J. The new solution is
assessed with reference to the four objectives. If the new solution improves on the contextual fitness of the
previous solution or provides a new non-dominated configuration, it either replaces or augments the
relevant solution in the population. Thus, the employed bee phase focuses on local exploitation around

promising agricultural sensing solutions.
4.6 Onlooker-Bee Phase

After the employed-bee phase, onlooker bees select promising candidate solutions according to their

quality. For candidate solution j, a quality score can be defined as:

1
1+F

Qj=

where F; represents the contextual fitness of candidate j. A lower fitness therefore produces a higher

quality score. The corresponding selection probability is:

Qj

Pi =<5 ~
-y s

The variable B indicates the quantity of potential solutions. More successful candidate solutions are thus
more likely to be chosen by the onlooker bees. Upon selection, a further exploration of the area surrounding
these candidate solutions is carried out. The candidate solutions reached as a result of that are then assessed,
and any solution is included in the Pareto archive if leads to non-dominated objective function values. Thus,
the onlooker phase helps to improve the efficiency of exploitation of promising regions in optimization

space.
4.7 Scout-Bee Phase

When it comes to population-based optimization techniques, premature convergence can be a considerable
risk. If a contender does not yield any improvement for a certain number of consecutive runs, the contender
can be regarded as stagnant. The number of iterations where no improvement was achieved should be

designated as ¢;. An abandoned candidate will be identified when:

Cj > Lmax
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where Ly, represents the abandonment threshold. When a solution is abandoned, a scout bee generates a

new candidate solution using:

new _ ..min max __ ..min
X; = Xq +r(xd Xgq )

where:
r € [0,1]

is a randomly generated number. The new candidate solution is then repaired and evaluated, and it can be
added to the population if it is applicable. The scout mechanism facilitates the algorithm exploring the
search space more effectively and decreases the probability of the AMHBO algorithm getting stuck in a

local optimum.
4.8 Adaptive Exploration—Exploitation Mechanism

A major feature distinguishing AMHBO from conventional HBA is its adaptive control of exploration and

exploitation. Let the optimization progress ratio be:

pt) =
Tmox
where t represents the current iteration and T,,,, represents the maximum number of optimization

iterations. The basic exploration coefficient is defined as:

1) = Mnax = (max = Nmin) P()
where 1,4, and Ny,in are the respective maximum and minimum coefficients of exploration. In the initial
positions of the optimization process, 1(t) is a big number that indicates the need for a wide exploration and
analysis of the situation, but as the optimization process advances, 1(t) reduces, and the algorithm will
become more and more focused on exploiting good solutions. Nevertheless, the optimization progress is
not enough to be applicable to the agricultural case described above because there may be significant

environmental changes occurring. The environmental change can be represented by the following equation:

AV (t) = |VN(t) - VN(t—1)|

where Vy () represents the normalized environmental variability at time t. The environment-adjusted

exploration coefficient is then:
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n* (t) = n(t) + 1AV (L)

where the environmental variability exponent acts as the parameter controlling the level of the effect of
environmental variabilities. This formulation allows for transient acceleration of exploration under
changing environmental conditions. This process is very relevant to agricultural environments as the soil
moisture, temperature, plant cover, and water supply may change very quickly after rains, treatment with

irrigation, drought, etc.
4.9 Constraint Handling and Solution Repair

The solutions produced by the workers, onlookers, or scouts may be incompatible with the requirements
explained in the previous sections, meaning that there is a need for repairing after every generation of

solutions.
4.9.1 Repair for Continuous Variables
For a continuous optimization variable, the repaired value is defined as:

Xgq < min (xde, max(xg”", xd))

This operation ensures that the variable remains within its permitted range.

4.9.2 Binary Transmission Repair

For transmission variables, the continuous representation generated during optimization is converted into a

binary transmission decision:

T — {1, x; = 0.5
L 0,x; <05
Thus, T; can only take the values 0 or 1.
4.9.3 Fusion-Weight Repair
The ground fusion weight is normalized as:
max(O, wig )

g =
YT ax 0,w?) + max (0, w§*
l l
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and the satellite weight is then obtained from:

wit =1 —wf
This guarantees:
wi +wit =1

and ensures that both weights remain within their permitted range.
4.9.4 Energy Constraint

The optimization process rejects or repairs configurations that cause the residual energy of a sensor to fall

below its minimum operational threshold:
Ei(t) = EM™™

This prevents AMHBO from achieving an apparently favorable objective value by selecting a configuration

that would cause sensor-node failure.
4.10 Adaptive Sensing Policy

The AMHBO optimization mechanism establishes the sensing interval of each sensor node based on the
flexibility of the environment, farming requirement, and energy resource. The adaptive sensing priority

score is expressed as follows:

Ri(t) = aVy(t) + BU;(t) + y(1 — E;(t))

where V;(t) represents environmental variability, U;(t) represents agricultural urgency, E;(t) represents
normalized residual energy, and a, B, and y represent the corresponding importance coefficients. The

coefficients satisfy:
a+pf+y=1

A higher R _i(t) indicates that the location requires greater monitoring attention. The sensing interval can

then be mapped to the allowable sensing range as:

w(®) = 1" = RO (" — ")
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This formulation is important because higher sensing priority produces a shorter sensing interval, thereby

increasing measurement frequency.
4.11 Adaptive Communication Scheduling

The optimization procedure employed in this process helps decide if data should be sent right away,
combined with other previously obtained data, or kept aside for later use. The communication priority is

determined as follows:

PEO™M(6) = py Ay (t) + pp U () + p3Qi () + a7 (E)

where A;(t) represents anomaly magnitude, U;(t) represents agricultural urgency, Q;(t) represents
measurement quality, and E; *(t) represents the energy-related communication constraint. The coefficients

satisfy:
Ptz +uzt+pu,=1
When the communication priority satisfies:
PFO™M(t) = 6¢

The measurement will be sent out whenever there is any chance to communicate. Otherwise, it will be either
buffered, locally grouped, or held back temporarily. This system is in line with the goals of off-grid
communication described in section 3 and ensures minimum communication while monitoring important

events.
4.12 Context-Aware Objective-Weight Adaptation

AMHBO uses the objective weights that are adjusted dynamically as per the operating condition of the
agriculture sensing network. Let’s denote normalized context indicators as: environmental variability,
residual network energy, communication availability, and urgency of agriculture. The objective weight

vector is defined as:

A(t) = [A1(8), A2(8), A3(8), A4 (D)]
subject to:

M(8) + A2() +43(1) + 44(8) = 1
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While in stable environmental conditions, it can place higher weight on energy conservation and
communication reduction, in rapidly changing environmental conditions, it can place higher weight on
estimation accuracy and latency. It is this kind of adaptive weighting process that sets AMHBO apart from

a regular fixed-weight multi-objective optimizer.

4.13 Adaptive Multi-Objective Honey Bee Optimization for AMHBO-SCSS and its Computational
Complexity

Let B indicate the count of candidate solutions, D the dimension of the optimization vector, and I the number
of iterations. The cost of candidate-solution generation and objective evaluation has the following

approximation:

O(I X B xD)

Here, D grows with the increase of the number of sensor nodes, due to the presence of sensors, transmission,
and fusion-related variables in each candidate solution. The process of Pareto-based comparison and
archive management generates further computational cost which depends on the number of candidate
solutions and objectives. Nevertheless, the optimization is mainly performed at the edge or gateway rather

than on the heavily constrained sensor nodes which only perform sensing and communicate the data.

Algorithm 1: Adaptive Multi-Objective Honey Bee Optimization for AMHBO-SCSS

Input:
Processed ground observations, satellite observations, node-energy states, environmental context,

optimization constraints, population size B, maximum iterations I, abandonment limit L. max.

Output:
Optimized sensing intervals, transmission decisions, satellite—ground fusion weights, Pareto archive, and

selected operational configuration.

Input processed ground observations G(t)

Input satellite observations Z(t)

w N

Input node-energy states E(t)
4: Input environmental context V(t),U(t),R(t)
5: 1Initialize B candidate solutions x]-,j=1,2, .., B

6: Repair all candidate solutions according to system constraints
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10:
11:
12:

13:

14:

15:
16:
17:

18:
19:
20:
21:
22:
23:
24:

25:

26:
27:
28:
29:
30:
31:
32:
33:
34:

35:

Evaluate f1(%), f2(%)), f3(x;), and fy(x;)

Normalize all objective wvalues
Initialize contextual weights A44,45,43,and 4,4
Calculate contextual fitness F; for every candidate

Identify non-dominated candidate solutions

Initialize Pareto archive P with non-dominated solutions

Initialize stagnation counter ¢ =0 for every candidate
for t=1 to I do

Calculate environmental variability AV (t)
Calculate exploration coefficient n(t)

Adjust exploration coefficient using AV (t)

/* Employed-Bee Phase */
for each candidate solution x j do
Select a candidate x k, k#J
Generate neighboring solution v_j
Repair v; using the constraint-repair mechanism
Evaluate the four objectives of v;
Normalize objective values of v

Calculate contextual fitness F(W)

if v; improves x; then
Replace x; with v,
Set ¢;=0
else
Set ¢g=¢ +1
end if
end for
Update Pareto archive P

/* Onlooker-Bee Phase */

1

Calculate quality score Qj::I;;
]
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36:
37:

38:
39:
40:
41:
42

43:
44 .

45:
46:
47

48:

49:
50:
51:
52:
53:
54:
55:
56:
57
58:

59:

60:
61:
62:
63:

Calculate selection probability p;

Select promising candidate solutions according to p;

for each selected candidate x; do
Perform neighborhood search around Xx;
Generate new candidate v;
Repair v;
Evaluate the four objectives

Normalize the objective wvalues

Calculate contextual fitness
Update x; when improvement occurs
Update stagnation counter Cj

end for

Update Pareto archive P

/* Scout-Bee Phase */
for each candidate x; do
if ¢j > Lymgx then
Generate a new random solution using scout-bee search
Repair the new solution
Evaluate the four objectives

Replace the abandoned candidate
Set Cj =0
end if

end for

Update Pareto archive P

/* Adaptive Control */
Update contextual objective weights
Update sensing-priority values R;(t)

Update sensing intervals t;(t)
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64: Update communication priorities Pfo™™(t)

65: Update transmission decisions T;(t)

66: Update satellite—-ground fusion weights
67: /* Energy and Feasibility Check */

68: Update node energy states

69: Repair or reject infeasible solutions
70: Update Pareto archive P

71: end for

72: Select final Pareto-optimal configuration x*

73: Apply the configuration to the sensing network

74: Continue monitoring using new ground and satellite observations
[2]

75: Re-run AMHBO when environmental or resource conditions change

76: Return x* and Pareto archive P

While this algorithm makes use of the same process as the original method—population initialization,
evaluation of objectives, Pareto archiving, employed-bee search, onlooker-bee exploration, scout-bee
exploration, adaptive exploration, adaptive sensing, and final Pareto-solution selection—it ensures that
connections among various operations discussed in this research are understood within the framework of

the AMHBO-SCSS architecture.
5. Experimental Methodology and Setup

The aim of this experimental evaluation is to determine if the Satellite-Coupled Soil Sensing Framework
utilizing Adaptive Multi-Objective Honey Bee Optimization (AMHBO-SCSS) can enhance agricultural
monitoring capabilities while minimizing the complexity of the sensing, communication, and
computational processes in off-grid agricultural IoT applications [1]. The evaluation process involves five
main objectives. Firstly, the experiments check if it is possible to use satellite data together with ground-
based soil information to obtain more reliable environmental-state assessment compared to using any single
data source alone. Secondly, the experiments assess if the adaptive sensing allows for optimization of the
energy consumption without significant loss of estimation accuracy. Thirdly, the potential of AMHBO is

evaluated by comparing it to other multi-objective optimization procedures under the same experimental



909
910
911

912

913
914
915
916
917

918
919
920
921
922
923

924
925
926
927
928
929
930
931

932

933
934
935
936
937
938

conditions. Fourthly, the framework is assessed in terms of communication and informational loads.
Finally, the experiments focus on testing the capabilities of the framework in dealing with increased

numbers of sensing nodes and environmental influences.

5.1 Experimental Environment

The newly suggested structural model can be tested and validated using the Python simulation environment.
In the simulation, the model approximates agricultural territories in different locations in terms of
registering heterogeneous soil probe nodes under the conditions of limited energy supply, fluctuating
atmospheric and geographical conditions, and spatially limited communication channels. The simulation

makes use of:

* Python, version 3.11 or above;

* NumPy library for calculations;

* Pandas library for experimental data processing;

* SciPy library for carrying out statistical analysis;

» Scikit-learn library for statistical and machine-learning estimation;

* Matplotlib library for visualization purposes.

The use of PyTorch is optional in this technological context as it allows for conducting experimental
evaluations with regards to the use of neural networks; although it should be noted that core AMHBO-
SCSS optimization does not rely on any implementation of neural networks [5]. The experimental design
for the project is expected to be neutral to specific providers of satellites or hardware. The satellite
observations are interpreted through time-varying and space-varying environmental factors that are
indicative of the data that can be obtained from Earth observation. Since the evaluation process is based on
simulation, it should be noted that the experiments described are considered as a computerized estimate of

the suggested approach rather than a field case statement.

5.2 Agricultural Field Model

A rectangular area of agriculture is modeled as a rectangle defined as A = W X H where W is the width of
the field and H is the height of the field, respectively. The default model assumes an area measuring around
10km*10km. This scale allows demonstrating the complementarity of remote sensing capabilities of
ground sensors compared to satellite observations [2]. The fields are partitioned into sub-regions. Sensor
nodes are deployed unevenly, with some areas having the majority of sensing nodes covered while other

regions are sparsely or not at all covered by ground sensors. This setup allows satellite data to be used in
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areas poorly covered with ground sensors. The number of sensing nodes is defined from the following

values: N{25,50,75,100,150,200} where number N stands for the total number of deployed sensors.
5.3 Sensor Configuration

Every individual sensor records a fraction of the parameters related to soil and environment. Some of the
major parameters used in simulation are Soil moisture; soil temperature; relative humidity; electrical
conductivity; vegetation-related context and environmental variability. The overall ground observation

generated by the ith sensor is given as

Xi(t) = [M; (1), T; (), H; (8), C;(8), Vi ()]

where M;(t) denotes the amount of moisture in the soil, T; (t) denotes soil temperature, H; (t) refers to the
measure of humidity, C;(t) refers to how well electricity flows, and V;(t) refers to the environmental
contextual or vegetation-related data [6]. The AMHBO controls the sensing interval changing it according

to the environmental context and the available energy. The range possible for the sensing intervals is:
7;(t) € [5,60]minutes

The lower limit enables real-time monitoring in fast-changing or high-risk agricultural situations, whereas
the upper limit minimizes needless monitoring in stable conditions. Each node has a starting energy

state: Eg) = Eo where Ej is the initial amount of energy. The simulation employs normalized energy

values in comparing various techniques so that differences in results cannot be attributed to battery methods.
The remaining energy of every node is updated with the energy model described in Section 3.

Ei(t+1) = E(t) — E{""'(t) + E[*™(2)
where E¥V(t) represents energy harvested during interval t.
5.4 Environmental Dynamics

The agricultural environment parameters are dealt as processes varying with time rather than as stable
values. The simulated environmental variability is integrated into the rainfall, irrigation, drying, and other

changing conditions.
5.4.1 Soil-Moisture Dynamics [6]

The simulated soil-moisture state is represented as:
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M;(t) = My(t — 1) + Ri(t) + [;(t) — ET; (1) + em (1)
where R;(t) indicates rainfall contribution, /;(t) indicates irrigation contribution, ET;(t) indicates loss of
moisture due to evapotranspiration and &, (t) refers to environmental uncertainty. The final soil moisture
state is limited to:

0 < M;(t) < 100

This formulation provides the ground-truth environmental state against which sensor and satellite estimates

are evaluated.

5.4.2 Temperature Dynamics

Temperature is modeled as a combination of baseline temperature, daily variation, and stochastic

environmental effects:

Ti(t) = Tpase + Agq sin(wqg t + @g) + &7(t)

Tyase signifies the baseline temperature, A, represents daily temperature variation amplitude, w, indicates
daily frequency, ¢, denotes the phase parameter, and er(t) is environmental noise. The use of these
dynamic models is essential to provide temporal variability that is needed in assessing the adaptive sensing

mechanism.

5.5. Satellite Observation Model

Satellite information has the advantage of providing us with abundant details on the environment, although
it is analyzed with a lower spatial accuracy when compared to the measurements from land observing

sensors [2]. The satellite output for a location [; can be defined in the following way:

Zi(t) = g(0;(1)) + &sae (1)

In this case, 0;(t) = agricultural state, g(-) = satellite — observation conversion, and
&qt(t) = satellite uncertainty. Satellite observations comprise vegetation, surface features, moisture
conditions, and/or temperatures due to their relatively poor spatial resolution compared to that of ground
measurements. Thus, ground measurements may encompass several nodes corresponding to the same
satellite observation location, making it possible to study how local ground observations may help improve

wide-area estimates obtained from satellite observations.

5.5.1 Satellite Observation Availability



992
993
994
995
996
997

998

999
1000

1001

1002

1003

1004

1005

1006
1007
1008
1009

1010
1011

1012

1013

1014

It is important to note that satellite observations are not believed to always be available. Satellite observation
is regarded as not available, when Z;(t) = @. An unavailable condition may occur due to several reasons;
such as cloud contamination or loss of acquisition capability. However, when satellite observations are not
available, the fusion mechanism described in Section 3 reduces the contribution of available observations
made on the ground, instead of ending agricultural monitoring altogether. This experiment tests the

robustness of the satellite-based architecture.

5.5.2 Satellite Confidence

Each available satellite observation is assigned a confidence value: qisat(t) € [0,1]. The confidence value

is used by the adaptive fusion mechanism defined in Section 3:
Yi(8) = w! ()G (£) + wi*()Z; (t)
subject to:
wi (@) +wi¥(t) =1
Thus, satellite reliability is incorporated into the same fusion mechanism used by the proposed framework.
5.6 Ground-Sensor Noise and Failure Model

Real ground soil sensors are impacted by noise, differences in calibration, as well as sporadic failures. This
realization calls for the differentiation of the true state of the soil from the one registered by the sensor. The

measured data is given as:

XPP5(t) = X[THe(t) + &(0)

where X[™€(t) represents the simulated ground-truth state and &;(t) represents measurement noise. The

measurement noise is modeled as:
2
&(t) ~ N(0,07)
Different values of ¢ can be used to evaluate robustness to increasing sensor uncertainty.

5.6.1 Sensor Failure
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The failure of the sensors is characterized by a failure probability pr. Upon failure, the node outputs a
missing reading or an unreliable observation of the current parameter being tested. In this case, the values
of the failure probabilities under consideration are: pr € {0,0.05,0.10,0.15}. These conditions are
representative of sensor failure rates of 0%, 5%, 10%, and 15%. This experiment is especially pertinent to
agricultural environments that operate off-grid since it may be hard and expensive to physically maintain

sensing nodes remotely deployed on site.
5.7 Communication Model

The communication system is described as an intermittent wireless communication scenario in which every
node may have a varying probability of having a communication capability: Pili”k (t) € [0,1. Whenever a
communication opportunity exists, the probability is greater than the random number r having a uniform
distribution: r < Pi”"k (t), where r is a random variable such that: € [0, 1]. In case of the link outage, the
sensor stores the value locally or sends it to the edge node once communication becomes available [21].
Thus, the simulation does not assume constant connection of the nodes. The actual transmission process is
governed by the decision-making process presented in Section 3. Thus, T;(t) € {0, 1. Hence, if both the
availability of transmission and the effectiveness of the optimization system allow transmission, the packet
will be transmitted. The distinction is significant since the actual transmission opportunity differs from
transmission requirement in intermittent off-grid mechanisms. Communication overhead is evaluated based

on both number of packets transmitted, and total data volume of transmitted data.
5.8 Energy Consumption Configuration

Energy consumption is divided into sensing, processing, transmission, and reception components. The total

energy consumed by sensor i during time interval t is:
EfOaL(e) = EFne(£) + EPT°(t) + B () + E* (O

For transmission of k; (t) data units over communication distance d_i(t), the transmission energy is modeled

as:
Eitx(t) = ki(t)Eelec + ki(t)gampdi (t)z

where Egj, represents electronic energy consumption per data unit and &g,y represents the amplifier

coefficient. The total network energy consumption is:
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In this study, the proposed methods are compared with periodic transmission and fixed-sensing methods
which do not adjust their sensing and communication behavior with respect to the agriculture domain. The
aim of this experiment is to evaluate if context-aware communication and sensing can help reduce resource

consumption without compromising the quality of environmental information.
5.9. Compared Framework Configurations

In order to assess the influence of the main elements of the AMHBO-SCSS, five configurations based on

the framework were examined.
5.9.1 Sensor-Only

The sensor-only configuration employs only ground measurements without any reference to satellite data.

It exhibits effectiveness of satellite coupling in performance.
5.9.2 Satellite-Only

This configuration uses satellite-derived observations for forecasting agricultural state. It investigates the

problems of conducting remote sensing without ground data.
5.9.3 Fixed-Sensing Framework

In this configuration sensing takes place on a regular basis defined by a fixed time interval. It represents a

traditional monitoring approach when the sensing rate is fixed regardless of the environmental conditions.
5.9.4 Conventional Honey Bee Optimization

The classical Honey Bee Optimization configuration makes calculations without using the adaptive

mechanisms of AMHBO. Thus, it shows the contribution of adaptation during optimization process.
5.9.5 Proposed AMHBO-SCSS

The suggested configuration includes: soil sensing from ground sources; processing done at a local edge

source [21]; the use of satellite observations; satellite-ground fusion that is confidence aware; detection that
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can easily adapt; communication that easily adapts; optimization that tries to achieve multiple objectives;
Adaptive Multi Objective Honey Bee Optimization. Such a configuration is part of the five-layer overall

suggested framework presented in Sections 3 and 4.
5.10 Optimization Baselines

In addition, the AMHBO optimization mechanism is compared to previously known optimization
techniques. The selected optimization techniques are the following: NSGA-II, MOPSO, MOEA/D, Genetic
Algorithm, and standard Honey Bee Optimization. The same decision variables, objective functions,
restrictions, size of population, maximal number of iterations, and termination conditions are used for all
optimization processes. Default conditions of optimization are set to B=50 (candidate solutions) and =100
(iterations). Each optimization method is employed independently for several times with the help of

different random seeds.
5.12. Performance Metrics

5.12.1 Mean Absolute Error: Mean absolute error is a value computed by the formula MAE =
%Z?ﬂ |vi — ¥il , where y; is defined as the reference value and ¥ i as the estimated value. A smaller

value of the mean absolute error implies more accurate assessments of the situation in nature.

5.12.2 Root Mean Square Error: Root mean square error is obtained using the following expression

RMSE = J (%) 1 (y; — ¥:)?. The use of root mean square error introduces a weight for significant errors

during the estimation.

5.12.3 Coefficient of Determination: Coefficient of determination is calculated as follows: RZ =1 —

T 92
2?21(31['—}7)2 ’

better approximation of agricultural processes.

where ¥ is the average reference value. A larger value of coefficient of determination means

5.12.4 Mean Absolute Percentage: Mean absolute percentage error is calculated by MAPE =

(@) n |J/i—§’i
n =1 Vi

, where values for which y; = 0 should be deducted or computed based on a low

positive denominator so the calculations remain numerically stable. A smaller MAPE value signals a higher

relative accuracy in estimating.
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5.12.5 Energy Consumption: Total energy consumption is determined by the equation E, = YN, Efotal A

lower value of energy consumption indicates more effective utilization of available resources.

5.12.6 Communication Overhead :Total communication overhead can be measured in the number of
packets transmitted, that is: CO = YN, P;, where P; is the number of packets transmitted by node i.
Information about the amount of transmitted data is also included into the report, which allows

distinguishing between the data pack reduction and the actual reduction of the transmitted rate.

5.12.7 Network Lifetime: Network lifetime refers to the time when the number of active nodes drops below
a defined threshold of operation, that is represented by the equation Ly = min {t: Nyjjpet < Ninreshordl-
This definition of network lifetime is deemed more practical than determining it merely as the time of first

node failure as the latter would exaggerate the significance of a single sensor malfunctioning.

5.12.8 Decision Latency: The value of decision latency is given by the equation Lp = tgecision —
tobservations Where topservation Means the time when observation takes place whereas, time when
corresponding agricultural decision has been done is represented by tgecision- Reducing the value of

decision latency is a desirable requirement for agricultural decisions that have to be done quickly.

5.12.9 Data-Reduction Ratio: Data-reduction ratio is computed using the equation DR = (1 —

M) X 100 meaning that the Dipgnsmittea represents the data that has been transmitted and

Dgenerated

Dgeneratea shows the total volume of data produced by sensor nodes.

5.13 Statistical Evaluation

In order to reduce the impact of stochastic variability, all trials were performed several times using different

i . . 1
random seeds. For R repetitions, the sample mean is weighed as y = EZ$=1 x, and the sample standard

1

E) R_,(x, — w)?. The consolidated results will be presented as p+c. The estimated

deviation as 0 = \[ (

z
VR

where the examined methods are based on the same random generators and environment traces, a paired

95% confidence interval is given by the formula Clgs = u + 1.96( ) for sufficiently high R. In cases

statistical test is reasonable to apply because the methods are evaluated in the same conditions. If applicable,
the statistical analysis will consist of: mean, standard deviation, confidence interval, effect size, and p-
value. It should be noted that the statement about the statistical significance of the improvement should not

be made only based on p-value, but on the significance of the improvement on all the relevant metrics.



1117

1118
1119
1120
1121
1122
1123
1124
1125
1126
1127
1128
1129

1130

1131
1132
1133

1134

5.14 Reproducibility and Fair Comparison

All candidates for Experimental Group Abstract are required to specify similar environmental traces, sensor
locations, communication conditions, initial energy states, and random number seeds for all competing
methods in all experimental scenarios. All optimization algorithms are supplied with the same number of
candidate solutions, B=50, and the same number of optimization iterations, I=100, unless the experiments
had been specially specifically aimed at involving different population sizes or different iteration counts.
All optimization techniques and constraints will exploit the same set of objective functions. The competing
methods are not given extra optimization iterations and computational capabilities; the experiments only
monitor main variable performance characteristics including measurement states and ground truth
environmental states, signals of sensors, satellite signal records, satellite availability, satellite reliability,
total energy left, sensing intervals, decisions about transmission of the data, fusion weights, objective
values, Pareto solutions, etc. Such a configuration guarantees the possibility of relating the differences in

results to the architectural and optimization specifics rather than to the differing experimental conditions.

5.15 Experimental Mapping to the Proposed Five-Layer Architecture

The mapping (Table. 2) guarantees that the experiment evaluates AMHBO not as an optimizer operating in
isolation, but as part of the entire AMHBO-SCSS framework, while also being able to eliminate the role of

each individual component by conducting controlled baseline experiments.

Table 2. Layers and its responsibilities

Experimental Component Main Purpose
Layer

Soil-state generation and sensing Layer 1 Evaluate sensing behavior

Noise, failure, preprocessing Layer 2 Evaluate local robustness and
processing

Satellite observations and availability Layer 3 Evaluate spatial coverage and satellite
contribution

Fusion, AMHBO, energy, communication, Layer 4 Evaluate the core optimization

Pareto optimization mechanism

Agricultural-state estimation and intervention Layer 5 Evaluate decision-support

indicators effectiveness
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5.16 Experimental Outputs

The experimental methodology generates six main types of findings correlated with the six experimental
setups:

1. Estimation performance — MAE, RMSE, R?, MAPE, and estimation precision.

2. Energy efficiency — amount of consumed energy and lifetime of the network.

3. Communication efficiency — data packets overhead, amount of data transmitted, and data efficiency.

4. Optimization performance — convergence, fitness, Pareto efficiency, hypervolume, and computation
time.

5. Robustness — robustness of performance in changing conditions, sensor malfunctioning, missing
satellite images, and poor energy supply.

6. Scalability — performance with the increase of sensing nodes from 25 to 200.

These results give quantitative basis for the further discussion and findings.

6. Results and Discussion

6.1 Overall Experimental Evaluation

The evaluation of the planned Adaptive Multi-Objective Honey Bee Optimization for Satellite-Coupled
Soil Sensing (AMHBO-SCSS) system was conducted using a robust simulation procedure that included
soil-condition estimation, energy consumption, network lifespan, communication costs, optimization
convergence, stability, scalability, adaptive sensing, satellite-ground synergy, and many objectives. This
assessment included making a comparison to satellite-only sensing, sensor-only sensing, fixed fusion,
adaptive fusion, and a number of widely applied optimization routines such as Genetic Algorithm (GA),
Multi-Objective Particle Swarm Optimization (MOPSO), MOEA/D, NSGA-II, and conventional Honey

Bee Optimization.

The simulation results show that the use of satellite measurements in combination with adaptive ground
sensing and optimization leads to achieving a more balanced outcome in agricultural monitoring in off-grid
areas. In particular, the method of AMHBO-SCSS does not achieve precision in estimations but rather takes
into consideration all needs related to sensing, risks related to communication costs, energy expenses, and
time losses in decision-making. This is important for remote agricultural areas where charging batteries and
keeping stable terrestrial connections may be challenging. The next sections provide details on the results

of each experiment.
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6.2 Soil-Condition Estimation Performance

The comparison of the performance of the investigated sensing methods in estimating soil conditions is
illustrated in Figure 1. While satellite-only sensing covers large areas, it suffers from the limitations posed
by spatial resolution, weather conditions, and time lag between satellite observations and local conditions.
Sensor-only sensing is advantageous since it provides localized information but requires continuous

deployment of ground sensors and communication facilities.
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Figure 1. Soil-condition estimation performance

Combining both types of information with the fixed fusion method allows improving the estimation process.
However, the problem is that with the fixed-weights approach the changing reliability of the observations
is not accounted for.The adaptive fusion method solves this problem by enabling the change in contribution

of satellite and ground sensing to the computerized estimation.

According to the data obtained in the simulation, AMHBO-SCSS shows the best overall performance
resulting from the use of adaptive sensing, satellite-ground information fusion, and optimization. The
results obtained in the simulation show that heterogeneous sensing is more effective than using only one

information source.

6.3 Energy Consumption and Network Lifetime
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The depiction provided in Figure 2 shows how energy consumption and network lifetime are correlated. In
between frequent ground sensing and energy use, there is a trade-off; hence, fixed sensing has an electricity
and communication burden since sensor nodes keep acquiring as well as transmitting observations always
without consideration about the significance of a particular measurement. In the case of operating using
sensors only, sensing frequency is higher during relatively stable environmental conditions since the total
burden of sensing and communicating can thus be decreased. On the other hand, operations that connect
satellite and ground observation possess an additional advantage, as satellite observations can add relevant

information without forcing every sensor to be on and transmitting regularly.
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Figure 2. Energy-lifetime Trade-off

The AMHBO-SCSS setting proves to be advantageous in this case because of its lower ratio of normalized
energy used, thus providing with higher normalized network lifetime. The phenomenon is critically
important in off-grid environments because of the primary requirement of energy for operations. To sum
up, it can be concluded that energy efficiency should be analyzed together with sensing accuracy. It is clear

that even the method that results in more measurements is not always the best solution.

6.4 Communication Efficiency
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In the figure 3, the relationship between the transferred packets and the reduction of communication is
shown. Fixed sensing creates more communication work since it keeps sending observations at a stable but
high frequency. Adaptive methods help in lessening the number of packets sent, which ultimately leads to
discarding unnecessary observations in the stable state. AMHBO-SCSS creates the least burden for
communication. Very high reduction has an impact on off-grid areas where communication can be poor
and expensive, while at the same time, avoiding sending unnecessary packets decreases both radio energy
consumption and reliance. The results of this analysis show that the system cannot simply be referred to as

a sensing accuracy system as it focuses on optimizing both communication and sensing.
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Figure 3. Communication efficiency
6.5 Optimization Convergence

The comparison made in Figure 4 reveals the reliable performance of AMHBO when matched against other
algorithms including GA, MOPSO, MOEA/D, NSGA-II, and conventional HBA. The evolution of
optimization processes is revealed by means of optimization curves and shows that the algorithms have the

capability to obtain better solutions over the iterations.
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Figure 4. Convergence comparison of optimization algorithms

However, AMHBO ends up with more optimal solutions than the alternatives and converges considerably
faster. The convergence performance indicates that the intelligent adaptation of mechanisms in AMHBO
makes it possible to maintain an abundance of innovative ideas during the search for solutions. As for the
compared methods, conventional HBA performed better than other algorithms as it searches for solutions
through a population. Nevertheless, it should be pointed out that the AMHBO method allows achieving
greater efficiency due to the nature of the multi-objective approach. From this point of view, an important
aspect of this research is that this particular criterion demonstrates that a theoretically effective optimizing

technology can be useless in real off-grid applications when its implementation takes a long time.

6.6 Robustness to Missing Satellite Data and Sensor Failures

The resilience of the AMHBO-SCSS framework in terms of satellite data loss and failure of ground sensors
is shown in Figure 5. It is observed that the accuracy of estimation decreases steadily with the increase in
the severity of the data loss. Such trends seem to be quite valid, as the framework has fewer and less reliable

data to perform the estimation of soil properties.
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Figure 5. Robustness of AMHBO-SCSS under data loss

However, the decline is rather progressive than critical. This fact is essential for remote agricultural
surveillance as the data from satellites might not be available sometimes, or individual ground sensors might
fail. The data imply that using the adaptive fusion system is sensible since the information received from
one source might be unreliable. The loss of one source of data doesn't mean that the framework relies on it
exclusively at all times. This proves the principle of heterogeneous sensing redundancy on which AMHBO-

SCSS is based and which allows for the use of data fromground sensors and satellites more efficiently.
6.7 Scalability with Increasing Sensor Nodes

Figure 6 depicts the performance of the proposed network as the number of sensor nodes increases from 25
to 200. As the sensor network grows, the data collected shows a steady increase in both estimation error
and computation requirements. The growth is still gradual, and the performance of the framework can be
maintained, which suggests that the performance of the proposed system is independent of the density of
the sensor network. This is crucial since it is widely known that the size of agricultural fields can vary
significantly, as well as the density of the sensor network deployed at a given agricultural field. The denser
the network, the more accurate the information, but in the same time more communications and

computations are needed.
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Figure 6. Scalability of the AMHBO-SCSS Framework

The AMHBO-SCSS is aimed at selecting a balance between the density and information coverage, thus not
requiring any significant growth in communications with the addition of the extra number of sensors. Thus,
the scalability test proves that the architecture can work properly regardless of the number of sensor nodes

used and the number of computations to be performed.

6.8 Energy—Accuracy Pareto Analysis

Figure 7 illustrates a Pareto-front assessment of the multifaceted optimization issue. The figure shows that
energy conservation and error minimization are conflicting goals. Solutions with minimal energy
consumption usually come at the expense of making compromises in accuracy, while those providing

accurate results may require excessive amounts of sensing and communication.
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The Pareto-optimal solutions are not a single ultimate solution, but a collection of ways to operate
efficiently. Acquiring optimized results is particularly important in farming, because ideally the right way
to operate depends on the specific conditions present at the agricultural field, crop needs, battery power
level, and characteristics of communication channels. AMHBO-SCSS is aimed at providing such solutions,
so Pareto-optimization proves to characterize the multi-objectiveness of the proposed approach in stronger

way than simply checking accuracy figures.

6.9 Effect of Sensor Density and Satellite Data Quality

Figure 8 gives a visual interpretation of the interaction between ground data quality and sensor-node
density. It can be seen that as both sensor-node density and satellite data quality increases, accuracy of
estimations increases as well. Sensor data is of little use at low density, while satellite data turns out to be
fairly relevant due to its ability of providing useful spatial information in small amounts of data collected
from ground. On the contrary, when the quality of satellite data gets worse, increase of sensor density helps

to compensate for its deficiency to some extent.
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Figure 8. Estimation accuracy under sensor density and satellite quality

Such interaction between satellite and ground data proves that they must be treated as complementary
sources of information, and thus, one should take into account both parameters when determining optimal
density of deployment. This makes the architecture of satellite-assisted engineering appealing because it
can be practical in case of remote regions when dense on-ground deployments are either expensive or

impossible to operate.
6.10 Context-Aware Adaptive Sensing

Figure 9 shows the adaptive behavior of AMHBO-SCSS in terms of sensing as time progresses.
Environmental variability in the system continuously changes, and so does the sensing interval. The
increase of environmental variability results in the decrease of the sensing interval and thus in the increment
of the number of observations. In contrast, during the less variable environmental periods, the sensing
interval increases. Such behavior enables the system to use its sensing power according to the known
information value of the new observation. The adopted mode of operation is better than the periodic mode

of sensing because the agricultural environment is not stable with respect to the time. For example, some
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1288  Figure 9. Context-aware adaptive sensing

1289  6.11 Adaptive Satellite—Ground Fusion

1290  The time pattern for the satellite and ground sensor contributions has been detailed in Figure 10. From the
1291  results, it can be stated that the technique does not imply that a fixed contribution of both sources is used.
1292  On the contrary, the contribution of each sensor actively changes due to reliability factors that are simulated
1293  in the experiment. Thus, when the ground sensor data are regarded as more reliable, the contribution of this

1294  sensor is increased when the satellite data are relied on to a greater extent.
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Figure 10. Adaptive satellite-ground fusion weights

This way, dynamic contribution of both types of sensors is an important feature of AMHBO-SCSS. It is
obvious that static fusion cannot function properly when there is a change in the reliability which means
that a fixed contribution to each type of data source will not be able to adjust to the changes in the reliability.
The given results allow concluding the appropriateness of the context-sensitive fusion for the heterogeneous

settings as opposed to a static fusion approach.
6.12 Overall Multi-Objective Performance

Figure 11 shows the normalized multi-objective effectiveness of the techniques assessed in terms of four
variables: accuracy, energy efficiency, communication efficiency, and latency efficiency. The figures are
normalized and highlight the benefit of higher scores. Satellite-only sensing offers the merit of feasibility
and low scores in the averaged efficiency chart. Sensor-only sensing brings localized estimations to the
benefit, but with the costs of increased sensing and communication expenses. As for fixed fusion, it gives

much better balance in the chart, while adaptive fusion provides even better resource management.
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AMHBO-SCSS shows the biggest overall effect in terms of the four objectives. In this case, it should be
highlighted that its high energy efficiency and communication efficiency demonstrate that the system does
not gain effective estimations only because of high sensing and transmission rates. Therefore, the radar
profile illustrates the entire importance of the technology: simultaneous increase of the quality of sensing

and efficient use of resources.

Finally, it should be noted that the figures in Figure 11 are normalized results and do not reflect the true
field results. Thus, the results should be understood as showing the behavior of the technology proposed in

the given simulation scenario.

6.13 Comparative Discussion

In summary, Figures 1-11 show that the implementation of AMHBO-SCSS results in a balanced approach
towards the conflicting needs of off-grid agriculture monitoring. The best outcome is not attributed to a
particular element but can be achieved due to but interaction of all methods which include adaptive

detection, combination of satellite and ground approach and multi-objective honey bee optimization.

The following remarks deserve attention. First, accuracy and efficiency of resources do not operate
independently. The increase in the frequency of detection provides good local information availability but
at the same time puts pressure on energy consumption and the cost of communication. The results of the

Pareto analysis shown in Figure 7 provide evidence of this fact. The second point is that the usage of
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heterogeneous sensors improves resiliency. While satellites provide data concerning distant places, ground
sensors supply localized values. The obtained values show that these two types compensate each other in
case of any of the two source providing inaccurate information. The third issue is that adaptability is
important in off-grid operation. Figures 9 and 10 show that the introduced method changes the parameters
of sensory signal processing and fusion instead of using the same constants all the time. This helps save

resources on unnecessary activities and get results in a timely manner.

Overall, obtained results prove that AMHBO-SCSS could be successfully utilized in the agricultural area
where energy consumption, connectivity, and sensory technology are limited. The proposed technique
provides a possibility of dynamic improvement of estimation quality with regard to the poor efficiency of

the operations.

4.14 Key Findings

In conclusion, Figures 1 to 11 reveal that the employing of AMHBO-SCSS can facilitate tackling of
conflicting objectives of off-grid monitoring of agriculture. The credit for success shouldn’t go to any
particular element; it is achieved due to the whole system of the combined methods, namely effective
detection, using of both satellites and ground-based methods, and multi-objective honey bee optimization.

There are some important points to note.

First of all, accuracy and cost-effectiveness of the resources do not operate separately. More frequent
detections imply that good, local data will be available but this leads to a higher energy consumption and
higher communication costs. The results of the Pareto analysis depicted in Figure 7 confirm this fact. The
second point is that the use of different sensors means the capability of being resilient. On the one hand,
using satellites is good since they provide the information about far locations but they cannot give accurate
local data; ground sensors offer localized data that suit local purposes. Provided numbers confirm that these
two techniques are compensating each other in the cases when one of the two sources provides false
information. The third point is that adaptability is important for the off-grid operation in agriculture. In
particular, Figures 9 and 10 confirm that the proposed technique implies that the parameters of the
processing of sensory signals are changing instead of remaining constant all the time, which saves resources
and allows to get timely results. Generally, the results obtained confirm that it is possible to introduce

AMHBO-SCSS into agriculture.

7. Conclusion and Future Work
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In this research study, the authors showcased the Smart Agriculture Optimization in Off-Grid Terrains
through Satellite-Coupled Soil Sensing Frameworks that introduces a new Adaptive Multi-Objective Honey
Bee Optimization for Satellite-Coupled Soil Sensing (AMHBO-SCSS) framework to facilitate smart
agricultural monitoring despite challenging conditions in terms of energy and telecommunication. The
innovative framework has integrated satellite observations with ground soil sensing and completed a multi-
objective optimization. Simulation results indicate the effectiveness of the proposed solution in several
circumstances. According to the model’s evaluation, the adaptive satellite-ground integration can lead to
better results as compared to the approaches focused solely on satellite transmission, sensors, or fixed-
fusion. Moreover, the adaptive sensing method reduces the level of unnecessary operations related to
sensing and communication due to increased frequency of observation during times of high variability of
the environment and its reduced frequency in more stable conditions. The optimization experiments have
also proved the efficiency of the AMHBO method. Despite the competition with algorithms such as GA,
MOPSO, MOEA/D, and NSGA-II, the new adaptive optimization method has obtained a better
convergence in the simulation. Also, the Pareto-front analysis made it possible to show that the agricultural
monitoring process involves a compromise between accuracy in estimation and resource consumption.
Unlike the standard approach aimed at optimizing a specific indicator, the new AMHBO-SCSS system
works to find different operating modes that can work under varying conditions and using differing

resources.

Tests of resilience and scalability give further evidence validating the proposed design. The structure is
shown to be able to ensure high performance under increasing loss of satellite data and failures of sensors,
suggesting that integration of satellite and ground monitoring systems results in helpful redundancy. The
same goes for the scalability analysis showing that the structure is able to handle increasingly large sensor
networks while keeping satisfaction of computational and communication limitations. In addition, analysis
of adaptive fusion weight proves that the structure may adjust the importance of satellite and ground data
depending on the reliability of each source. The performance evaluation as a whole demonstrates the main
advantage of AMHBO-SCSS which is consideration of sensor accuracy, energy efficiency, communication
efficiency and latency all at once. This balanced approach is especially crucial for agricultural monitoring
in remote and energy-deficient regions of the Earth as the application of only accuracy optimization

methods may lead to significant energy consumption and communication costs.

Future steps will include scrutiny of AMHBO-SCSS based on real satellite images and ground-based soil
sensors as well as agricultural data obtained throughout many periods. Additional research may also look
at implementation of edge computing technology, energy harvesting methods, uncertainty-aware ground-

satellite fusions, improvements in technology based on a particular crop, and federated learning technology
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which will allow for agricultural intelligence gathering without concerns regarding privacy. Field
experiments on various soils, circumstances and sizes of farmland would allow for accurate evaluation of

the practicality of such an approach.
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      f ̄ 2 =     f 2 −   f 2  m i n    f 2  m a x −   f 2  m i n + 𝜀  


      f ̄ 3 =     f 3 −   f 3  m i n    f 3  m a x −   f 3  m i n + 𝜀


      f ̄ 4 =     f 4 −   f 4  m i n    f 4  m a x −   f 4  m i n + 𝜀


    𝑳  𝒊


    F  j =   𝜆 1     f ̄ 1 +   𝜆 2     f ̄ 2 +   𝜆 3     f ̄ 3 +   𝜆 4       f ̄ 4  


    𝜆 1 +   𝜆 2 +   𝜆 3 +   𝜆 4 = 1


  ,     𝜆 1 ,     𝜆 2 ,     𝜆 3 ,   a n d     𝜆 4


    x  b


    f  k (   x  a ) ≤   f  k  (   x  b )  


  ∃ k :   f  k  (   x  a ) <   f  k  (   x  b )


    x  a


    x  b


  P =  {   x  j :   x  j i s   n o n − d o m i n a t e d }


    v  j d =   x  j d +   𝜑  j d (   x  j d −   x  k d )  


    𝑩  𝒊


    𝜑  j d  


  − 1 ≤   𝜑  j d ≤ 1


    Q  j =  1  1 +   F  j


    F  j


    p  j =     Q  j    ∑  r = 1  B    Q  r  


    c  j


    c  j >   L  m a x  


    L  m o x  


    x  j d  n e w =   x  d  m i n + r  (   x  d  m a x −   x  d  m i n )


  r ∈ [ 0 , 1 ]


    𝑬  𝒊


  𝜌 ( t ) =   t    T  m o x


    T  m a x


  𝜂  ( t ) =   𝜂  m a x −  (   𝜂  m a x −   𝜂  m i n ) 𝜌  ( t )


    𝜂  m a x   a n d     𝜂  m i n


  𝛥 V  ( t ) =  |   V  N  ( t ) −   V  N  ( t − 1 ) |


    V  N  ( t )


  𝜂 ∗  ( t ) = 𝜂  ( t ) + 𝜅 𝛥 V  ( t )  


    x  d ← m i n  (   x  d  m a x , m a x  (   x  d  m i n ,   x  d ) )


    T  i =  {    1 ,    x  i ≥ 0 . 5   0 ,    x  i < 0 . 5


    T  i


    𝑹  𝒊  


    w  i  g =   m a x  ( 0 ,   w  i  g )  m a x  ( 0 ,   w  i  g ) + m a x  ( 0 ,   w  i  s a t )


    w  i  s a t = 1 −   w  i  g


    w  i  g +   w  i  s a t = 1


    E  i ( t ) ≥   E  i  m i n


    R  i ( t ) = 𝛼   V  i ( t ) + 𝛽   U  i ( t ) + 𝛾 ( 1 −     E ̄  i ( t ) )


    V  i ( t )


    U  i ( t )


      E ̄  i ( t )


  𝛼 + 𝛽 + 𝛾 = 1


    𝜏  i  ( t ) =   𝜏  i  m a x −   R  i  ( t )  (   𝜏  i  m a x −   𝜏  i  m i n )


  𝒊


    P  i  c o m m ( t ) =   𝜇 1   A  i ( t ) +   𝜇 2     U  i ( t ) +   𝜇 3   Q  i ( t ) +   𝜇 4   E  i  − 1  ( t )  


    A  i ( t )


    U  i ( t )


    Q  i ( t )


    E  i  − 1 ( t )


    𝜇 1 +   𝜇 2 +   𝜇 3 +   𝜇 4 = 1


    P  i  c o m m  ( t ) ≥   𝜃  C


  𝛬 ( t ) = [   𝜆 1 ( t ) ,   𝜆 2 ( t ) ,   𝜆 3 ( t ) ,   𝜆 4 ( t ) ]  


    𝜆 1 ( t ) +   𝜆 2 ( t ) +   𝜆 3 ( t ) +   𝜆 4 ( t ) = 1


  O  ( I × B × D )


    𝝉  𝒊  ( 𝒕 ) ∈  [   𝝉  𝒊  𝒎 𝒊 𝒏 ,   𝝉  𝒊  𝒎 𝒂 𝒙 ]


  G ( t )


  Z ( t )


  E ( t )


  V ( t ) ,   U ( t ) ,   R ( t )


    x  j ,   j = 1 , 2 , … , B


    f 1 (   x  j ) ,     f 2 (   x  j ) ,     f 3 (   x  j ) ,   a n d     f 4 (   x  j )


    𝜆 1 ,     𝜆 2 ,     𝜆 3 ,   a n d     𝜆 4


    F  j


    c  j = 0  


  𝛥 V ( t )


    𝝉  𝒊  𝒎 𝒊 𝒏  


  𝜂 ( t )


  𝛥 V ( t )


    v  j


    v  j


    v  j


  F (   v  j )


    v  j


    x  j


    x  j


    v  j


    X  i  ( t ) =  [   M  i  ( t ) ,   T  i  ( t ) ,   H  i  ( t ) ,   C  i  ( t ) ,   P  i  ( t ) ]


    𝝉  𝒊  𝒎 𝒂 𝒙


    c  j = 0


    c  j =   c  j + 1


    Q  j =  1  1 +   F  j


      p  j


    p  j


    x  j


    x  j


    v  j


    v  j


    x  j


    𝝉  𝒊  ( 𝒕 + 𝟏 ) = 𝒇  ( 𝜟   𝑿  𝒊  ( 𝒕 ) ,   𝑬  𝒊  ( 𝒕 ) ,   𝑼  𝒊  ( 𝒕 ) )


    c  j


    x  j


    c  j >   L  m a x


    c  j = 0


    R  i ( t )


    𝜏  i ( t )


    P  i  c o m m ( t )


    T  i ( t )


  A = W × H


  W


  𝜟   𝑿  𝒊  ( 𝒕 )


  N { 25 , 50 , 75 , 100 , 150 , 200 }


  N


    X  i ( t ) = [   M  i ( t ) ,   T  i ( t ) ,   H  i ( t ) ,   C  i ( t ) ,   V  i ( t ) ]  


    M  i ( t )


    T  i ( t )


    H  i ( t )


    C  i ( t )


    V  i ( t )


    𝜏  i  ( t ) ∈  [ 5 , 60 ] m i n u t e s


  :     E  i  ( 0 ) =   E 0


    𝑬  𝒊  ( 𝒕 )  


    E 0


    E  i ( t + 1 ) =   E  i ( t ) −   E  i  t o t a l ( t ) +   E  i  h a r v ( t )


    E  i  h a r v ( t )


    M  i ( t ) =   M  i ( t − 1 ) +   R  i ( t ) +   I  i ( t ) − E   T  i ( t ) +   𝜀  M ( t )


    R  i ( t )


    I  i ( t )


  E   T  i ( t )


    𝜀  M ( t )


  0 ≤   M  i  ( t ) ≤ 100


    T  i ( t ) =   T  b a s e +   A  d   s i n (   𝜔  d   t +   𝜑  d ) +   𝜀  T ( t )


    𝑼  𝒊  ( 𝒕 )


    T  b a s e


    A  d


    𝜔  d


    𝜑  d


    𝜀  T ( t )


    l  i


    Z  i ( t ) = g (   𝛩  i ( t ) ) +   𝜀  s a t ( t )


    𝛩  i ( t )   =   a g r i c u l t u r a l   s t a t e  


  g ( · )   =   s a t e l l i t e − o b s e r v a t i o n   c o n v e r s i o n


    𝜀  s a t ( t )   =   s a t e l l i t e   u n c e r t a i n t y


    𝝉  𝒊  ( 𝒕 )


    Z  i ( t ) = ∅


    q  i  s a t  ( t ) ∈  [ 0 , 1 ]


    Y  i ( t ) =   w  i  g  ( t )   G  i   ( t ) +   w  i  s a t  ( t )   Z  i   ( t )


    w  i  g ( t ) +   w  i  s a t ( t ) = 1


    X  i  o b s ( t ) =   X  i  t r u e ( t ) +   𝜀  i ( t )


    X  i  t r u e ( t )


    𝜀  i ( t )


    𝜀  i ( t ) ∼ N ( 0 , 𝜎 ² )


    p  f


    p  f ∈  { 0 , 0 . 05 , 0 . 10 , 0 . 15 }


    𝝉  𝒊  ( 𝒕 )


  0 % ,   5 % ,   10 % ,   a n d   15 %


    P  i  l i n k ( t ) ∈ [ 0 ,   1


  r <   P  i  l i n k ( t )


  r ∈ [ 0 ,   1 ]


    T  i ( t ) ∈ { 0 ,   1


    E  i  t o t a l ( t ) =   E  i  s e n s e ( t ) +   E  i  p r o c ( t ) +   E  i  t x ( t ) +   E  i  r x  ( t )  


    k  i ( t )


    E  i  t x ( t ) =   k  i  ( t )   E  e l e c +   k  i  ( t )   𝜀  a m p   d  i      ( t ) 2  


    E  e l e c


    𝜀  a m p


    𝑫  𝒊  ( 𝒕 )


    E  c =   ∑  i = 1  N    E  i  t o t a l


  M A E =  1  n   ∑  i = 1  n  |   y  i −  ŷ  i |  


  M A E =  1  n   ∑  i = 1  n  |   y  i −  ŷ  i |  


    y  i


  R M S E =   (  1  n )   ∑  i = 1  n     (   y  i −  ŷ  i ) 2


  R ² = 1 −     ∑  i = 1  n     (   y  i −  ŷ  i ) 2    ∑  i = 1  n     (   y  i − ȳ ) 2


  R ² = 1 −     ∑  i = 1  n     (   y  i −  ŷ  i ) 2    ∑  i = 1  n     (   y  i − ȳ ) 2


  M A P E =  (  100  n )   ∑  i = 1  n   |     y  i −  ŷ  i    y  i |


  M A P E =  (  100  n )   ∑  i = 1  n   |     y  i −  ŷ  i    y  i |


    y  i = 0


      𝑫 ^  𝒊  ( 𝒕 ) =     𝑭  𝒑  (   𝑫  𝒊  ( 𝒕 ) )


    E  c =   ∑  i = 1  N    E  i  t o t a l


  C O =   ∑  i = 1  N    P  i


    P  i


    L  N = m i n    { t :     N  a l i v e t   <     N  t h r e s h o l d }


    L  D =   t  d e c i s i o n −   t  o b s e r v a t i o n


    L  D =   t  d e c i s i o n −   t  o b s e r v a t i o n


    t  o b s e r v a t i o n


    t  d e c i s i o n


  D R =  ( 1 −     D  t r a n s m i t t e d    D  g e n e r a t e d ) × 100


  D R =  ( 1 −     D  t r a n s m i t t e d    D  g e n e r a t e d ) × 100


    𝑭  𝒑  ( · )


    D  t r a n s m i t t e d


    D  g e n e r a t e d


  𝜇 =  1  R   ∑  r = 1  R    x  r


  𝜎 =   (  1  R − 1 )   ∑  r = 1  R     (   x  r − 𝜇 ) 2


  C   I 95 = 𝜇 ± 1 . 96  (   𝜎   R )


    M  i  ( t )  


      𝑫 ^  𝒊  ( 𝒕 )


    𝑨  𝒊  ( 𝒕 ) =  |   𝑿  𝒊  ( 𝒕 ) −     𝑿 ^  𝒊  ( 𝒕 ) |


      𝑿 ^  𝒊  ( 𝒕 )


    𝑫  𝒆 𝒅 𝒈 𝒆  ( 𝒕 ) =   𝑭  𝒂  (     𝑫 ^  𝟏  ( 𝒕 ) ,     𝑫 ^  𝟐  ( 𝒕 ) , … ,     𝑫 ^  𝒎  ( 𝒕 ) )


    𝑭  𝒂  ( · )


    𝒍  𝒊


    𝒁  𝒊  ( 𝒕 ) =  [   𝑽  𝒊  ( 𝒕 ) ,   𝑹  𝒊  ( 𝒕 ) ,   𝑳  𝒊  ( 𝒕 ) ,   𝑾  𝒊  ( 𝒕 ) , … ]


    𝑹  𝒊  ( 𝒕 )


    𝑳  𝒊  ( 𝒕 )


    𝑾  𝒊  ( 𝒕 )


    T  i  ( t )


    𝒒  𝒊  𝒔 𝒂 𝒕  ( 𝒕 ) ∈  [ 𝟎 , 𝟏 ]


    𝒒  𝒊  𝒔 𝒂 𝒕  ( 𝒕 )


    𝒒  𝒊  𝒈  ( 𝒕 )


    𝒁  𝒊  ∗  ( 𝒕 ) =   𝑭  𝒂 𝒍 𝒊 𝒈 𝒏  ( 𝒁  (   𝒍  𝒊 ,   𝒕  𝒔 ) , 𝒕 )    


  𝒁  (   𝒍  𝒊 ,   𝒕  𝒔 )


    𝒍  𝒊


    𝒕  𝒔


    𝑭  𝒂 𝒍 𝒊 𝒈 𝒏  ( · )


    𝑮  𝒊  ( 𝒕 )


    𝒁  𝒊  ( 𝒕 )


    H  i  ( t )    


    𝒀  𝒊  ( 𝒕 ) =   𝑭  𝒇  (   𝑮  𝒊  ( 𝒕 ) ,   𝒁  𝒊  ( 𝒕 ) ,   𝒒  𝒊  𝒈  ( 𝒕 ) ,   𝒒  𝒊  𝒔 𝒂 𝒕  ( 𝒕 ) )  


    𝑭  𝒇  ( · )


    𝒒  𝒊  𝒈  ( 𝒕 )


    𝒒  𝒊  𝒔 𝒂 𝒕  ( 𝒕 )


    𝒀  𝒊 ( 𝒕 ) =   𝒘  𝒊  𝒈  ( 𝒕 ) 𝑮 ( 𝒕 ) +   𝒘  𝒊  𝒔 𝒂 𝒕  ( 𝒕 )   𝒁  𝒊 ( 𝒕 )


    𝒘  𝒊  𝒈  ( 𝒕 ) +   𝒘  𝒊  𝒔 𝒂 𝒕  ( 𝒕 ) = 𝟏


    𝒘  𝒊  𝒈  ( 𝒕 ) ≥ 𝟎 ,   𝒘  𝒊  𝒔 𝒂 𝒕  ( 𝒕 ) ≥ 𝟎  


  𝜽  ( 𝒕 ) =    [ 𝑴  ( 𝒕 ) ,   𝑻  ( 𝒕 ) ,   𝑽  ( 𝒕 ) ,   𝑾  ( 𝒕 ) ,   𝑺  ( 𝒕 ) ]   ,


  𝜽 ˆ  ( 𝒕 )   =   𝑭 𝒆  ( 𝒀  ( 𝒕 ) ) ,    


  𝑭 𝒆 ( · )


    C  i  ( t )


  𝒀 ( 𝒕 )


    𝑪  𝒊  ( 𝒕 ) = 𝜶   𝑨  𝒊  ( 𝒕 ) + 𝜷   𝑼  𝒊  ( 𝒕 ) + 𝜸   𝑹  𝒊  ( 𝒕 ) + 𝜹     𝑬 ̄  𝒊  ( 𝒕 )  


  𝜶 + 𝜷 + 𝜸 + 𝜹 = 𝟏  


    𝑻  𝒊  ( 𝒕 ) =  ( 𝟏 , &   𝑪  𝒊  ( 𝒕 ) ≥   𝜽  𝑻 @ 𝟎 , &   𝑪  𝒊  ( 𝒕 ) <   𝜽  𝑻 )  


    𝜽  𝑻


    E  i  t o t a l ( t ) =   E  i  s e n s e ( t ) +   E  i  p r o c ( t ) +   E  i  t x ( t ) +   E  i  r x ( t ) ,      


    E  i  s e n s e ( t ) ,     E  i  p r o c ( t ) ,     E  i  t x ( t ) ,   a n d     E  i  r x ( t )  


    E  i  t x ( t ) =   k  i  ( t )   E  e l e c   +     k  i  ( t )   𝜀  a m p   d  i  ( t ) 2  


    k  i  ( t )  


    E  e l e c


    P  i  ( t )


    𝜀  a m p


    d  i ( t )


    E  i ( t + 1 ) =   E  i ( t ) −   E  i  t o t a l ( t ) +   E  i  h a r v ( t )


    E  i  h a r v ( t )


  0 ≤   p  i ( t ) ≤ 1


    C  c o m m  ( t ) =   ∑  i = 1  N    k  i  ( t )   d  i  ( t )  


    k  i  ( t )  


    d  i ( t )


  x ( t ) = [   𝜏 1 ( t ) , … ,   𝜏  N ( t ) ,   T 1 ( t ) , … ,   T  N ( t ) ,   w 1  g ( t ) , … ,   w  N  g ( t ) ]


    f 1  ( x ) =  1  N   ∑  i = 1  N     |   Y  i  ( t ) −   Y  i  t r u e  ( t ) | 2


    s  i


    Y  i  ( t )


    Y  i  t r u e ( t )


    f 1 ( x )


    f 2  ( x ) =   ∑  i = 1  N    E  i  t o t a l ( t )


    f 3  ( x ) =   ∑  i = 1  N    k  i ( t )


    k  i ( t )


    f 3 ( x )


    f 4  ( x ) =  1  N   ∑  i = 1  N    L  i ( t )


    L  i ( t )


    f 4 ( x )


    D  i  ( t ) =  {   X  i  ( t ) ,   E  i  ( t ) ,   Q  i  ( t ) }


  m i   n  x     F ( x ) = [   f 1 ( x ) ,   f 2 ( x ) ,   f 3 ( x ) ,   f 4 ( x ) ]


    E  i ( t ) ≥   E  i  m i n


    𝜏  i  m i n ≤   𝜏  i ( t ) ≤   𝜏  i  m x


  0 ≤   w  i  g ( t ) ≤ 1


  0 ≤   w  i  s a t ( t ) ≤ 1


    w  i  g ( t ) +   w  i  s a t ( t ) = 1


    T  i  ( t ) ∈  { 0 , 1 }


    𝛩 ^ ( t )


    I  i ( t ) = f  (   M  i  t a r g e t −   M  i  ( t ) ,   R  i  ( t ) ,   V  i  ( t ) )


    M  i  t a r g e t

