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Challenges in remote sensing based climate ==
and crop monitoring: navigating the
complexities using Al
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Abstract

The fast human climate change we are witnessing in the early twenty-first century is inextricably linked to the
health and function of the biosphere. Climate change is affecting ecosystems through changes in mean conditions
and variability, as well as other related changes such as increased ocean acidification and atmospheric CO,
concentrations. It also interacts with other ecological stresses like as degradation, defaunation, and fragmentation.
Ecology and climate monitoring are critical to understanding the complicated interactions between ecosystems
and changing climate trends. This review paper dives into the issues of ecological and climate monitoring,
emphasizing the complications caused by technical limits, data integration, scale differences, and the critical
requirement for accurate and timely information. Understanding the ecological dynamics of these climatic impacts,
identifying hotspots of susceptibility and resistance, and identifying management measures that may aid biosphere
resilience to climate change are all necessary. At the same time, ecosystems can help with climate change
mitigation and adaptation. The processes, possibilities, and constraints of such nature-based climate change
solutions must be investigated and assessed. Addressing these issues is critical for developing successful policies
and strategies for mitigating the effects of climate change and promoting sustainable ecosystem management.
Human actions inscribe their stamp in the big narrative of our planet’s story, affecting the very substance of the
global atmosphere. This transformation goes beyond chemistry, casting a spell on the physical characteristics

that choreograph Earth’s brilliant dance. These qualities, like heavenly notes, create a song that echoes deep into
the biosphere. We go on a journey via recorded tales of ecological transformation as they respond to the ever-
shifting environment in this text. We peek into the rich fabric of change, drawing insight from interconnected
observatories. Nonetheless, this growing symphony is set to unleash additional transformational stories - narratives
of natural riches and rhythms that are both economically and environmentally essential. Understanding these
stories is essential for navigating this developing epic. A roadmap for sustainable development necessitates

the ability to comprehend these stories, a problem that resonates across the breadth of monitoring programs,
particularly in the infancy of integrated sites.
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Introduction

Good monitoring is essential for sustainable ecologi-
cal management, the recovery of vulnerable species, and
environmental reporting [1, 2]. Monitoring is especially
vital in a changing environment, particularly in reaction
to climate change and increased human use of natural
resources [3, 4]. There are five important reasons to mon-
itor: Understanding the way a system operates (including
the efficacy of management actions); increasing aware-
ness about a problem; engaging the public and leverag-
ing effort; and identifying dangers or opportunities [5].
Monitoring is regarded as an essential component of
global initiatives such as the Convention on Biological
Diversity [6], national-level biodiversity management
directives [7], the preservation of specific ecosystem
integrity (e.g. [8]), and the protection of specific endan-
gered species [9]. The interconnectedness between eco-
logical systems and climate dynamics is well-established,
with ecological processes being significantly influenced
by climate variations. Monitoring these interactions is
crucial for predicting and responding to environmental
changes, but it comes with a set of intricate challenges
that necessitate comprehensive investigation. In the intri-
cate tale of our planet, human activities etch their mark
across the global canvas. The composition of Earth’s
atmosphere is no exception, undergoing a transforma-
tion shaped by anthropogenic endeavours. A crescendo
of increasing carbon dioxide, methane, nitrous oxide,
HECs, and perfluorocarbons resonates through the air,
heralding this change. Moreover, the chemistry of precip-
itation in regions like North America, Europe, and Asia
has been redefined by the touch of sulphur and nitro-
gen compounds [10]. These shifts ripple beyond chem-
istry, altering the very physiognomy of the atmosphere.
From the depletion of stratospheric ozone to the birth
of ground-level ozone [11, 12] and the nuanced dance of
the radiation balance, these metamorphoses script a new
narrative. As the radiation balance sways, it whispers of
a warming world, with the promise of local and regional
temperature changes as diverse as nature’s palette. As we
peer into these changing verses, environmental monitor-
ing emerges as the sentinel, watching over Earth’s pulse
and melody. Environmental monitoring is a maestro con-
ducting a symphony of objectives: unveiling problems,
fashioning solutions, appraising the efficacy of control
actions, and highlighting emerging concerns. A star in
this performance is the integrated monitoring site — the
ecological observatory. Nestled within this realm are
long-term endeavors characterized by multidisciplinary
scrutiny, united with meticulous research. In the pursuit
of understanding, these sites dare to manipulate eco-
systems as expansive as lakes or wetlands. This grand
endeavor of integrated monitoring is driven by a purpose:
to distill a tapestry of data that not only paints change
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but also deciphers its origins. This revelation of cause
and effect is the bedrock of designing pollution control
strategies. In the Canadian saga, the story of acid rain’s
impact unfurled through the lens of integrated monitor-
ing, with sites like Dorset, Ontario, revealing its narra-
tive. A symphony of data from 15 sites across Canada and
the United States united to compose a target loading of
20 kg wet sulphate ha—1 yr—1, a cornerstone adopted as
Canadian policy in 1984. But these sites offer more than
snapshots — they share epics. As the human population
surges relentlessly forward, an ever-mounting strain is
placed upon the delicate equilibrium of food demand.
This imperative crescendo necessitates resolute action
to safeguard food security for both the present and the
unfolding tapestry of generations to come [13, 14, 15].
Within the pages of scholarly discourse, a legion of
visionary researchers has proffered an array of inventive
pathways, orchestrating a symphony of methodologies to
perpetually surreal agricultural processes and fortify the
bastions of food security. Here in lie some of their distin-
guished contributions:

A prelude to the agricultural harvest, yield estimation
statistics stand as a sagacious guide for farmers, inform-
ing pivotal decisions such as the judicious application of
fertilizers. Moreover, these statistics serve as sentinels,
forewarning of potential threats like the encroachment of
insects and the specter of drought, affording the oppor-
tunity for pre-emptive countermeasures [16]. The harmo-
nious supply of major crops to meet demand requires an
ongoing sonnet, a monitoring of crops throughout their
growth. To avert the dissonance of scarcity and surplus,
a global classification of crops during their seasonal cre-
scendo becomes imperative [17]. A view of land trans-
formation unfolds, extending the frontiers of effective
croplands by repurposing fallow expanses. Yet, this bal-
let is not without consequences—abrupt land conversion,
a metaphorical thunderclap, amplifies greenhouse gas
emissions, casting a shadow over climate and local eco-
systems. Enter land cover mapping, a cartographic aria,
offering insights into the topography of interest, unrav-
elling the sustainability and aptitude of the land for spe-
cific crop ballets [18]. The symphony of cultivation faces
climatic crescendos in the form of drought and flood.
To harmonize with these tempests, it is imperative to
identify cultivars resilient to the strains of unfavourable
weather, orchestrating a resilient response to minimize
the discordant notes of crop loss [19].

The monitoring of these agricultural opuses has been
relegated to the human touch, a laborious, costly, and
error-prone ballet. Inspectors pirouette within a con-
fined farmland, examining but a fragment within a spe-
cific temporal cadence. Expertise is a constraint; multiple
inspectors may broaden the stage but at the cost of an
opulent production [20]. The quality of the inspection



Han et al. Journal of Cloud Computing (2024) 13:34

is a symphony directed by the knowledge and skill of
the conductor. Yet, the outcome may falter, a potential
discord echoing through the agricultural composition
[21]. To liberate this agrarian way from its earthly con-
straints, remote sensing emerges as a celestial maestro,
conducting agricultural symphonies with ethereal preci-
sion. Amidst the cosmic advantages of this technologi-
cal overtone. Remote sensing unfurls its celestial cloak,
enveloping vast expanses in its watchful gaze. The data,
a celestial heartbeat, repeats within short intervals, creat-
ing a cosmic time-series database for an opulent moni-
toring spectacle [22]. The approach of remote sensing
knows no boundaries, collecting data across myriad
scales and resolutions. Its purpose is cosmic, unfettered
by earthly constraints, a versatile spectacle for myriad
applications [23, 24]. Remotely sensed data ascend to the
astral realms of laboratories, where high-processing com-
puters conduct celestial analyses for multiple applications
simultaneously. No longer tethered to earthly confines,
the need for physical presence or processing of modest
data samples becomes a relic of the past [25]. Remote
sensing devices, cosmic minstrels, record the celestial
ballet of electromagnetic radiation absorption and reflec-
tion from plants. This cosmic melody unveils the biotic
intrigues of insects and pesticides, alongside the abiotic
echoes of drought and flood—celestial stresses upon the
earthly stage [26].

A challenge enshrouds the realm of ecological vari-
ables: how to distil the essence of intricate ecological
systems into measures that encapsulate the whole yet
remain manageable and effective for scrutiny and mod-
elling. Fluctuations in weather conditions, particularly
abrupt changes, can induce stress in crops, with reper-
cussions that are intricate, interwoven, and often specific
to certain crops, growth stages, and genetic varieties.
The quest for precise crop condition monitoring neces-
sitates the identification of an optimal baseline product
and a compatible remote sensing product at a spatial res-
olution conducive to minimizing uncertainties [27]. For
example, discerning between irrigated and rainfed crops
becomes crucial, particularly in dry seasons, allowing for
location-specific monitoring tailored to individual irriga-
tion conditions. Nevertheless, prevailing crop condition
monitoring methods predominantly rely on low-resolu-
tion satellite data, which, with their coarse pixels, seldom
reflect the conditions of individual crops unless within
expansive parcels [28].

The advent of Sentinel-2-like satellite data brings
promise to medium- to high-resolution crop condition
monitoring, albeit requiring substantial data processing.
However, the pursuit of high spatial resolution introduces
challenges such as geolocation mismatch and impacts
from soil backgrounds. The call is for users to wield the
freedom to choose the spatial scale data that aligns with
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their unique monitoring targets, recognizing the poten-
tial limitations in detecting crop stress driven by drought
[29].

Drought emerges as a formidable natural disaster,
inflicting extensive stress and yield losses, with drought
assessments integral to Crop Monitoring Systems
(CMSs). The transition from meteorological drought to
agricultural drought, spurred by a dearth of precipitation
and heightened evaporation rates, precipitates reductions
in crop yield or even complete failures. Various drought
indices, including the Standardized Precipitation Index
(SPI) [30]. Despite these advances, challenges persist in
comprehensively determining the impacts of nutrients,
diseases, and pests on crop stress.

The forecasting of crop production involves a delicate
interplay of crop area estimates and yield predictions
within specific agro-ecological regions, administrative
units, and crop types. Two methodological approaches,
crop type mapping and geostatistical methods, converge
to derive crop area estimations, with the former not only
contributing to crop area estimation but also furnish-
ing foundational data for crop condition assessment and
yield prediction [31]. Despite strides in crop-mapping
studies, most are confined to local areas heavily reliant
on field data, lacking transferability to broader regions.
Additionally, methodologies often depend on local
knowledge of management practices, phenology, and
prior insights into cropping patterns [32]. Geostatisti-
cal methods for deriving crop areas hinge on field survey
information, satellite data, and statistical inference. The
uncertainties and time lags associated with these meth-
ods render them impractical for precise crop area esti-
mation. Conversely, remote sensing emerges as a beacon,
easily distinguishing between cropped and non-cropped
arable lands, allowing for the estimation of cropped areas
with relatively low error rates [33]. Four satellite-driven
methods for predicting crop yields ahead of harvest face
uncertainties, particularly in extreme climatic conditions,
highlighting the frailty of the yield prediction component
in current crop monitoring models and vegetation indi-
ces (VIs) [34]. Understanding the determinants of crop
yields, especially in challenging climates, remains a press-
ing frontier in the realm of crop monitoring.

Deep learning methods for Crop and Remote
Sensing:

Convolutional Neural Networks (CNNs):

Image Classification: CNNs are a fundamental deep
learning architecture used for image classification tasks
in both climate and ecology. In climate research, they are
applied to satellite and weather radar images to classify
cloud patterns, detect cyclones, or identify land cover
types. In ecology, CNNs are used to classify species
based on camera trap images or analyze satellite imagery
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to monitor deforestation or changes in vegetation cover
[35].

Recurrent Neural Networks (RNNs): Time-Series
Analysis: RNNs, including LSTM networks, are crucial
for analyzing time-series data in climate and ecology. In
climate science, RNNs can model and predict tempera-
ture trends, precipitation patterns, and sea-level rise. In
ecology, they can capture temporal dependencies in wild-
life migration, breeding, or population dynamics.

Generative Adversarial Networks (GANs): Data Aug-
mentation: GANs are employed to generate synthetic
data that can augment limited datasets in both fields. In
climate research, GANs can generate additional climate
data points to improve model training. In ecology, GANs
can create synthetic images of rare species to balance
training datasets.

Transfer Learning: Fine-Tuning Pretrained Models:
Transfer learning is especially valuable in scenarios where
labeled data is scarce. Researchers can take pretrained
deep learning models, such as CNNs trained on large
image datasets like ImageNet, and fine-tune them for
specific climate and ecology tasks. This approach reduces
the amount of data required for training and speeds up
model development.

Spatial-Temporal Models: Capturing Complex Pat-
terns: In both climate and ecology, complex patterns
often emerge from the interaction of spatial and temporal
factors. Specialized deep learning architectures like 3D
CNNs or spatiotemporal CNNs are used to capture these
dependencies. They can be applied to climate modeling
for simulating weather patterns and ecosystem dynamics
in ecological research.

Attention Mechanisms: Long-Range Dependencies:
Attention mechanisms, popularized by Transformer
models, are used to capture long-range dependencies in
ecological and climate data. They enable models to focus
on relevant information across time and space. In ecol-
ogy, attention mechanisms can be applied to analyze
species distribution patterns influenced by various envi-
ronmental factors.

Graph Neural Networks (GNNs): Modeling Ecological
Networks: GNNs are vital in ecology for modeling com-
plex ecological networks, such as food webs, mutualistic
interactions, or habitat connectivity. They allow research-
ers to understand the structure and dynamics of eco-
systems and predict the consequences of species loss or
habitat fragmentation.

Deep Reinforcement Learning (DRL): Optimizing
Decision-Making: DRL techniques can optimize deci-
sion-making processes in climate adaptation and eco-
system management. For example, they can be used to
find optimal resource allocation strategies for conserva-
tion efforts or determine the best time for planting crops
based on climate conditions.
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Time-Series Forecasting: Predictive Modeling: Deep
learning models like Prophet or WaveNet are applied to
climate and ecological time-series data for accurate fore-
casting. In climate science, they can predict temperature
and precipitation trends. In ecology, they can forecast
population dynamics or disease outbreaks in wildlife
populations.

Anomaly Detection: Identifying Unusual Patterns:
Deep learning-based anomaly detection methods, such
as autoencoders, are used to identify unusual patterns
or outliers in environmental data. For instance, they can
detect pollution events in water bodies or abnormal cli-
mate conditions that may signify climate change-related
anomalies.

Natural Language Processing (NLP): Text Data Anal-
ysis: In addition to numerical data, climate and ecology
research often involves textual data from research papers,
climate reports, and environmental policies. NLP tech-
niques can be applied to extract insights, summarize
findings, and aid in data integration and information
retrieval.

Multi-Modal Fusion: Comprehensive Data Integra-
tion: Deep learning models can combine data from vari-
ous sources, such as satellite imagery, climate data, and
sensor readings. By fusing multi-modal data, researchers
gain a holistic understanding of environmental changes
and their impacts, allowing for more informed decision-
making [36, 37].

Figure 1 shows structure of deep learning models, deep
learning methods play a vital role in advancing climate
and ecology research by enabling the analysis of complex,
multi-dimensional data, leading to better climate predic-
tions, more effective conservation efforts, and a deeper
understanding of our planet’s ecosystems. These tech-
niques continue to evolve and offer exciting opportuni-
ties for addressing pressing environmental challenges.

Concerns and challenges

Although leveraging remote sensing in agriculture holds
the potential to revolutionize farming practices in the
face of diverse challenges, offering valuable insights
into crop conditions across different scales throughout
the entire growing season. Armed with information on
crop status, farmers can make informed decisions using
cutting-edge technologies such as geospatial technol-
ogy, the Internet of Things (IoT), Big Data analysis, and
artificial intelligence (AI). Precision agriculture (PA)
strategically employs these emerging technologies to
optimize agricultural inputs, enhance production effi-
ciency, and minimize input losses [38, 39]. The utilization
of remote sensing technology in precision agriculture has
witnessed a significant surge over the past few decades.
However, to unlock its full potential, it is imperative to
develop an accessible yet reliable workflow for real-time
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Fig. 1 Structure of deep learning models

remote sensing applications in precision agriculture. This
undertaking is essential given the intricacies of image
processing and the substantial technical knowledge
and skills required. The realization of accurate yet user-
friendly systems is anticipated to drive broader adoption
of remote sensing technologies in both commercial and
non-commercial precision agriculture applications.

Monitoring depends on a small number of indicators

By limiting the number of variables to one or two, the
emphasis of the ecological management program is nar-
rowed, and an oversimplified understanding of spatial
and temporal relationships is fostered. This simplifica-
tion frequently results in bad management judgments. To
successfully monitor the numerous degrees of complex-
ity within an ecological system, variables should be cho-
sen from multiple levels of the ecological hierarchy. As a
result, a fundamental problem is to identify a set of mea-
surements that provide interpretable signals, can be used
to track ecological conditions at a reasonable cost, and
cover the whole range of ecological variation.

Choice of ecological variables

Goals and objectives that are unclear or ambiguous
might result in “the wrong variables being measured in
the wrong place at the wrong time with poor precision
or reliability” [40]. To focus monitoring on present and
future management concerns, primary goals and objec-
tives should be established early in the process. The vari-
ables that are most closely related to those management
issues can then be chosen to assess system attributes.
However, society has traditionally chosen resource man-
agement goals that are purely concerned with short-term
profit (for example, maximum crop output in agricultural

systems or maximum lumber production in forests).
These objectives may threaten the long-term viability of
healthy ecological systems [41]. Management objectives,
and therefore variable selection, should be linked to an
awareness of the short-term and long-term implications
of resource management decisions.

Lack of scientific rigor

The lack of comprehensive techniques for identifying
ecological variables makes validating the information
supplied by such factors problematic. Until conventional
techniques for choosing and utilizing variables are devel-
oped, interpretation of their change through place and
time remains uncertain [24]. The development and appli-
cation of standard processes for the selection of ecologi-
cal variables allows for repeatability, eliminates bias, and
imposes discipline on the selection process, ensuring that
the variables chosen address management issues.

Technological limitations

One of the major difficulties for climate monitoring will
be to integrate passive sensor data directly from smart-
phones or wearables, as well as human perception data,
into official data streams while completely respecting pri-
vacy and complying with the EU’s GDPR. Data donation
for science is becoming a new trend, with organizations
like Open Humans providing academics, enterprises,
NGOs, and policymakers with unparalleled access to
new data sources and amounts. Standard smartphones
and wearables now give, among other things, location,
movement, individual carbon mobility footprints, health
data, and much more. Advances in technology have
undeniably improved monitoring capabilities, yet certain
ecological and climate processes remain challenging to
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observe accurately. Remote sensing tools, for instance,
provide valuable insights, but they may not capture fine-
scale ecological interactions. Additionally, technological
limitations hinder real-time data acquisition, hindering
our ability to grasp rapidly occurring changes [42, 43].

A new environmental science strategy to research-
ing human emotions in cities has also been presented,
which is linked to wearables. By identifying the relation-
ship between stress and well-being, we may gain a deeper
knowledge of urban stress. Wearables and other low-
cost sensors have an untapped potential for expanding
our understanding of aspects that can assist to enhance
human well-being, access to green space, city planning,
and implementing actions to reduce cities’ carbon emis-
sions [44, 45]. Environmental research has traditionally
been a Global North activity, restricted to more wealthy
nations where individuals have time for voluntary work
and unpaid hobbies. Nonetheless, owing to digital tech-
nology, the Global South has jumped ahead of several
critical stages of development, with mobile phone satu-
ration high in many areas where there are no landlines.
Environmental activities are far less popular in emerging
countries, as evidenced by data from various open envi-
ronmental science platforms, such as iNaturalist.

Data integration

The integration of diverse data sources, such as satel-
lite imagery, ground-based measurements, and model-
ling outputs, is essential for a holistic understanding of
ecosystems and climate. However, this integration poses
challenges in terms of data compatibility, accuracy, and
calibration. Effective data integration techniques must be
developed to create comprehensive models that reflect
the complex reality of these systems. Three key techno-
logical problems have been identified in reviews of eco-
logical informatics: data dispersion, heterogeneity, and
provenance [46, 47, 48]. Ecosystems and ecosystems dif-
fer across the world, and data is collected at thousands
of sites. Although major research projects, institutes, and
agencies typically manage large amounts of data repre-
senting relatively few data sets, most ecological data are
difficult to discover and preserve because they are con-
tained in relatively small data sets dispersed among tens
of thousands of independent researchers. Due to the
range of themes addressed by ecologists and the many
experimental techniques utilized by different research-
ers, data heterogeneity poses problems. Data prov-
enance—origins and history—is required when, as in
ecological research, intriguing results emerge after com-
plicated, multistep data collecting, modeling, and analy-
sis procedures.
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Scale disparities

Ecological processes operate at various spatial and tem-
poral scales, which can pose challenges when attempting
to draw meaningful conclusions. Upscaling observations
from small plots to larger landscapes often leads to over-
simplification, while downscaling global climate mod-
els to regional or local scales may result in loss of detail.
Bridging these scale disparities requires sophisticated
methodologies that consider multiscale interactions.

Interdisciplinary collaboration

Ecology and climate monitoring inherently demand inter-
disciplinary collaboration among scientists from diverse
fields such as biology, climatology, geology, and sociol-
ogy. Effective communication and collaboration can be
challenging due to differences in terminology, meth-
odologies, and research priorities. Establishing com-
mon ground and fostering interdisciplinary teamwork is
essential to overcome these barriers. Another significant
problem is the vital necessity to monitor the provenance
of generated data objects and scientific conclusions from
data collection to quality assurance, analysis, modelling,
and, finally, publishing [49]. Provenance is especially cru-
cial in supporting scientific conclusions used in policy
and management decisions, because field experiments
and procedures may be difficult to replicate due to the
difficulties of recreating environmental circumstances.
Computer scientists are making significant progress in
creating methods to capture evidence information. Data
processing and analysis information that led to a specific
set of results may be documented using scripted analytic
tools like R and scientific workflow platforms like Kepler
and Taverna.

Data quality and uncertainty

The accuracy of monitoring data is pivotal for making
informed decisions. However, ecological and climate data
often contain uncertainties due to measurement errors,
incomplete coverage, and modelling assumptions. Devel-
oping robust techniques for quantifying and communi-
cating these uncertainties is crucial to ensure that policy
decisions are based on a realistic understanding of poten-
tial outcomes. However, just a small percentage of the
ecological data collected is easily discoverable and acces-
sible, much alone valuable. Based on our personal experi-
ence in developing data archives for ecology, we estimate
that less than 1% of the ecological data gathered is avail-
able following the publication of associated conclusions
[50, 51]. We provide opinions of distilled data through
presentations and publications rather than direct access
to data. To reap the benefits of ecological and environ-
mental synthesis, we must address the technological
and sociocultural barriers that have impeded free access
to data. While “open data” will improve and accelerate
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scientific progress, there is also a need for “open science;’
which preserves not just data but also analyses and tech-
niques, resulting in greater openness and repeatability of
discoveries. It has been emphasized that environmental
research programs should attempt to reach a bigger audi-
ence that more accurately represents society. Further-
more, scientists must be more open to engaging with the
general public and communicating science in a clearer
and simpler manner, such as by avoiding jargon and com-
municating in ways that are clearer and more intelligible
to non-specialists. Scientists must leave their ivory tow-
ers and connect more broadly with society and people.

Access to resources and infrastructure

Monitoring initiatives require substantial resources,
including funding, technology, and trained personnel. In
some regions, especially developing countries, limited
access to these resources can hinder effective monitoring
efforts. Addressing this challenge involves international
cooperation, capacity building, and technology transfer
to ensure comprehensive global monitoring coverage.

Addressing Dynamic systems

Ecological and climate systems are inherently dynamic
and subject to nonlinear behaviours. Traditional linear
modelling approaches may fall short in capturing the
complexity of these systems. Embracing dynamic model-
ling techniques, such as agent-based models and system
dynamics, can provide a more accurate representation
of the interactions between ecological processes and cli-
mate dynamics.

Policy implications

Accurate ecological and climate monitoring data directly
influence policy decisions aimed at mitigating climate
change impacts and preserving biodiversity. The chal-
lenges in collecting, integrating, and interpreting this data
necessitate policy frameworks that are adaptable, evi-
dence-based, and incorporate feedback loops to account
for evolving scientific understanding. When designing
technical solutions for handling ecological information,
the variability of ecological data must be considered.
Ecology’s multiplicity of subdisciplines (e.g., ecosystems/
community ecology, marine/freshwater/terrestrial ecol-
ogy, and plant/animal/microbial ecology) results in het-
erogeneous data. Furthermore, neighbouring disciplines
in earth and life science, as well as important fields in the
social sciences and humanities, have their own terminol-
ogy, specific measurements, and experimental designs, all
of which contribute to heterogeneity.

Another significant difficulty in climate monitoring is
determining ways to motivate individuals to engage in
science and answer the question, “What’s in it for me?”
Clear communication on how the data is being utilized

Page 7 of 14

and why the data is so vital is critical in this case. For
example, a variety of incentives, such as prizes and co-
authorship [52] and information nudges, such as the
Earth Challenge (EARTHDAY.ORG, 2022), have been
tried to increase engagement and retention, although
Peoples are also intrigued in assisting science and chal-
lenging themselves intellectually [53].

Crop remote sensing Recognition algorithms

The fundamental process of crop remote sensing recog-
nition involves judging and extracting category attribute
information based on the characteristic differences dis-
played in remote sensing data. Essentially, it is a clas-
sification problem. In the field of crop remote sensing
recognition, the development of classification algorithms
can be summarized into three stages, early strong learn-
ing methods, ensemble learning methods based on weak
learning, and deep learning methods represented by neu-
ral networks. In this paper, early strong learning methods
and ensemble learning methods are collectively referred
to as traditional machine learning methods, for contrast
with the current research focus—deep learning methods.

Crop remote sensing Recognition based on traditional
machine learning methods

Early strong learning methods involve constructing a
single classifier using probabilistic statistical methods to
complete the classification task Fig. 2 shows applications
in different fields of ecology. Typical algorithms include
the minimum distance method, maximum likelihood
method, decision tree method, support vector machine,
etc. The maximum likelihood method is one of the most
commonly used supervised classification methods,
assuming that the data approximately follows a normal
distribution. It uses the training dataset to calculate fea-
tures such as mean, variance, and covariance, establish-
ing the prior probability density functions for each class.
This enables the calculation of the membership probabil-
ity for pixels to complete the classification. The maximum
likelihood method is widely used in crop remote sensing
classification due to its simplicity, ease of implementa-
tion, and integration of Bayesian theory and prior knowl-
edge into the classification process. It performs optimally
compared to other traditional classification methods.
However, it is suitable for multispectral data with fewer
bands, and its performance is less effective in hyperspec-
tral image classification. Decision trees are a classifica-
tion method based on inductive reasoning. They define
and continuously update rules for dividing spectral, color,
and spatial information in remote sensing images until
no further division is possible. Decision tree algorithms
are easy to understand, highly operational, capable of
handling multi-output problems, and widely used in crop
remote sensing recognition. However, their drawback is
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Fig. 2 Applications of Al in different fields of ecology

poor generalization ability, especially when dealing with
high-dimensional data. Support Vector Machine (SVM)
is based on structural risk theory, quadratic optimization
theory, and kernel space theory. It seeks the optimal clas-
sification hyperplane in a high-dimensional feature space,
solving complex classification and regression problems.
SVM shows stability and high classification accuracy in
crop remote sensing, but its performance is poor in solv-
ing multi-class classification problems and high-dimen-
sional feature spaces, and the correct selection of the
kernel function lacks theoretical basis.

Ensemble learning algorithms integrate the results of
a series of independent or non-independent weak learn-
ers using a certain strategy to obtain the final result,
surpassing the performance of individual learners. The
construction process includes generating basic classi-
fiers and merging classification results. Common meth-
ods for generating basic classifiers include Bagging and
Boosting. Bagging uses random sampling with replace-
ment to construct different training datasets for classifier

AlI&Forest
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Al& Urban Hospital

Al&Desserts

generation. Boosting initially assigns equal weights to dif-
ferent samples, then decreases the weights of correctly
classified samples and increases the weights of misclas-
sified samples during training. This focuses the learning
algorithm on misclassified samples, and the final model
is obtained through weighted combination. The advan-
tages of ensemble learning are as follows: (1) Statistical
aspect: multiple learners can obtain a relatively stable
hypothesis space to reduce generalization errors (2).
Computational complexity: ensemble learning can effec-
tively reduce the possibility of the algorithm falling into
local optima (3). Hypothesis space: multiple learners can
expand the hypothesis space, facilitating the learning of
better approximations. In crop remote sensing recogni-
tion, the most widely used machine learning methods
are random forests, Adaboost, gradient boosting trees,
etc. Although traditional machine learning methods can
effectively recognize crops in different regions, their reli-
ance on shallow direct observation features and manually
designed features during the recognition process leads to
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poor learning ability for deep-level features and the lack
of co-learning ability for different types of features in
remote sensing data.

Crop remote sensing Recognition based on deep learning
Deep learning, as a branch of machine learning, aims
to establish neural networks that simulate human brain
analysis and learning. It utilizes massive training data to
drive deep neural networks to learn more useful deep-
level features, ultimately improving classification accu-
racy. Deep neural network models have a large number of
parameters, providing the model with sufficient complex-
ity. On the one hand, the model has enough complexity,
and on the other hand, it has the ability to learn fea-
tures from end to end in the data, replacing manual fea-
ture engineering based on human experience and prior
knowledge. In recent years, deep learning based on artifi-
cial neural networks has made breakthroughs in machine
learning and data mining, including remote sensing,
benefiting from the flexibility in feature representation,
end-to-end feature learning without relying on expert
knowledge, automation, and computational efficiency.

Convolutional Neural Network (CNN) is one of the
most successful architectures in deep learning. CNN has
high computational efficiency in the learning process and
is sensitive to spatial relationships in image data, making
it the most effective model for recognizing 2D features
in image patterns. In the remote sensing domain, 2D
CNN has been widely used for extracting spatial features,
enabling target detection and semantic segmentation
based on high-resolution images. Another major appli-
cation of CNN is in the classification of hyperspectral
images, where 1D, 2D, and 3D CNNss are used to extract
spectral features, spatial features, and ‘spectral-spatial’
features, respectively. In crop remote sensing classifica-
tion, research has shown that 2D convolutional opera-
tions in the spatial domain achieve better accuracy than
1D convolutional operations in the spectral domain.
Concatenating multispectral images at different growth
stages and applying 1D convolutional operations in
the spectral domain also improves the accuracy of land
cover classification. Although convolutional operations
can effectively extract features in the spatial, spectral,
or ‘spectral-spatial’ domains, CNNs are rarely used for
extracting features in the temporal domain, i.e., they can-
not effectively extract temporal change features in time
series remote sensing data.

Recurrent Neural Network (RNN) is another type
of deep learning network model specifically designed
to handle time series data. Due to its ability to capture
dependencies in long sequence data, RNNs have achieved
success in various remote sensing applications. For exam-
ple, RNNs have been successfully used to analyze spec-
tral correlations and trends in time series of multispectral
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data. Combining CNNs and RNNs for image classifica-
tion involves using CNNs to generate multi-level convo-
lutional feature maps and then using RNNs as decoders
to recursively collect multi-scale feature maps and aggre-
gate them sequentially to form high-resolution seman-
tic segmentation images. RNN networks have many
improved models to enhance learning efficiency, with
the most famous being the Long Short-Term Memory
(LSTM) network, mainly designed to address the van-
ishing gradient and exploding gradient problems during
long sequence training processes. Compared to ordinary
RNNs, LSTMs perform better in tasks such as change
detection based on long time series data and crop clas-
sification. Furthermore, combining CNNs and LSTMs,
where 2D convolutional operations extract spatial feature
information and LSTMs capture temporal dependencies
in time series data, has achieved better results than tradi-
tional methods.

Represented by the LSTM, recurrent neural networks
have significant advantages in extracting features from
time series remote sensing data. However, RNNs based
on threshold mechanisms tend to experience vanishing
gradients and difficulties in capturing long-range infor-
mation dependencies when dealing with long time series
data as shown in Fig. 3. To address this, Transformer net-
works based on self-attention mechanisms have emerged.
Currently, Transformer models and their variants have
become the mainstream methods for solving sequence-
related problems and have achieved success in crop
classification recognition based on time series remote
sensing data, becoming a hot research topic.

Issues and prospects

In general, current remote sensing models for crop yield
estimation exhibit a variety of forms, but in practical
applications, they often face challenges such as insuf-
ficient generalization ability, lagging monitoring timeli-
ness, and insufficiently detailed mapping of yields. These
issues make it difficult to meet the requirements of cur-
rent precision agriculture for the timeliness and spatial
resolution of crop yield estimation [54].

With the increase in high-resolution, hyperspectral
resolution, and high temporal resolution remote sensing
data, as well as the development of technologies such as
deep learning, researching how to couple deep learning
with crop growth models to construct scalable and effi-
cient transplantable fine-scale crop yield remote sensing
dynamic estimation models is a potential research direc-
tion [55]. Fully utilizing crop growth models to simulate
crop growth under different point scales and environ-
mental conditions, capturing crop growth patterns, and
using deep learning methods to learn and model the
capabilities of complex situations, completing spatial
extrapolation, and achieving mechanistic constraints
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Crop Analysis

Fig. 3 Remote sensing data collection sources

with deep learning is a promising avenue for future
research.

Remote sensing-based climate and crop monitoring
using Al offers tremendous potential for enhancing agri-
cultural practices and understanding climate patterns.
However, it also presents several challenges that need to
be addressed for effective implementation. Here are some
key issues and complexities:

Data quality and availability Inconsistent and low-
quality data from remote sensors can lead to inaccuracies
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in climate and crop monitoring. Limited access to histori-
cal data and real-time information can hinder long-term
analysis and decision-making.

Data integration Integrating data from various sources,
including satellite imagery, weather stations, soil sen-
sors, and drone surveys, can be complex and may require
sophisticated data fusion techniques. Ensuring interop-
erability between different data formats and platforms is
challenging.
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Data Processing Processing large volumes of remote
sensing data requires significant computational resources
and may lead to scalability issues. Preprocessing tasks
such as atmospheric correction and data calibration are
crucial but computationally intensive.

Data interpretation Developing algorithms and mod-
els that can accurately interpret remote sensing data to
monitor climate and crop conditions is a complex task.
Different crops and regions may require customized
approaches, making generalization difficult.

Machine learning and Al models Building robust Al
models for climate and crop monitoring demands access
to large and diverse datasets for training and validation.
Ensuring the models’ reliability and interpretability is
essential for decision-making in agriculture.

Scalability Scaling up remote sensing and Al-based
monitoring systems to cover large agricultural areas can
be challenging, especially in resource-constrained regions.

Privacy and Data Security Collecting and sharing
remote sensing data, especially high-resolution imagery,
can raise privacy concerns. Protecting sensitive infor-
mation and complying with data privacy regulations are
essential.

Accessibility Ensuring that remote sensing and Al-
based tools are accessible to farmers, policymakers, and
researchers globally can be a logistical challenge.

Infrastructure and connectivity Many remote agricul-
tural areas lack reliable internet connectivity and infra-
structure to support data transmission and access to
Al-based tools.

Cost Implementing remote sensing and Al technologies
can be expensive, both in terms of hardware and software
requirements. Cost-effective solutions need to be devel-
oped to make these technologies accessible to a wider
range of users.

Skill gap There may be a shortage of skilled professionals
who can effectively utilize remote sensing and Al technol-
ogies for climate and crop monitoring. Capacity-building
and training programs are necessary to bridge this gap.

Ethical considerations Ethical concerns, such as the use
of Al in agriculture, data ownership, and the potential for
technology-driven disparities, need to be addressed.

Addressing these challenges requires collaborative efforts
from governments, research institutions, private com-
panies, and local communities. Innovative solutions,
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increased data sharing, and ongoing research are essen-
tial to navigate the complexities of remote sensing-
based climate and crop monitoring using Al and realize
its full potential for sustainable agriculture and climate
resilience.

Conclusion

The challenges in ecology and climate monitoring are
multifaceted and intertwined, demanding collabora-
tive efforts across scientific disciplines, technological
innovation, and international cooperation. Overcom-
ing these challenges is imperative to develop effective
strategies for climate adaptation, ecosystem manage-
ment, and the safeguarding of our planet’s ecological
and climatic equilibrium. As technology advances and
our understanding deepens, it is crucial that the scien-
tific community remains agile and proactive in address-
ing these challenges to ensure a sustainable future for all
living beings. These instances of environmental change
were chosen to highlight that long-term monitoring has
already recorded various environmental reactions to
changing atmospheric chemistry. In my opinion, there
will be more sophisticated ecological reactions to the
constantly changing chemical and physical features of the
atmosphere. As a result of continued stratospheric ozone
depletion, we may anticipate greater UV-B radiation
reaching the earth’s surface [56]. This has the potential to
have a wide range of ecological consequences. Measuring
biological impacts and understanding relationships with
other stressors, such as acid rain, that may influence the
same ecosystem will be challenging and would need inte-
grated monitoring.

Some experts anticipate that the prevalence of insects
and illnesses will rise as these creatures adapt to new eco-
logical settings. The balsam woolly adelgid, for example,
cannot endure a winter cold of —34 degrees Celsius. If
this value is not attained as a result of climate change,
the length and intensity of epidemics will rise [57]. The
impact on forests may outweigh the physical impacts of
climate change, such as drought. There is evidence that
insects are already adjusting in the Canadian Boreal
Shield. The time of the spruce bud worm life-cycle, for
example, has been seen to alter by 3-7 days during the
last 25 years [58]. The aquatic, forest, and agricultural
resources that are being impacted by climate change
constitute the foundation of many North American
economies. Defining and comprehending changes will be
critical for long-term resource management. Any cause-
and-effect correlations utilized to justify pollution con-
trol and resource management initiatives must withstand
thorough scrutiny. This poses a significant challenge for
monitoring programs, particularly integrated monitoring
sites that can give the long-term perspective backed by



Han et al. Journal of Cloud Computing (2024) 13:34

process research and experimental data required for sci-
entific defence of proposed management strategies.

The difficulties many people have in accessing relevant
and timely quality-controlled data and information in
formats that can be easily incorporated into specific anal-
yses with other data sources are significant challenges
to building stakeholders’ capacity to use climate infor-
mation in research and decision-making activities [59].
Many challenges exist in terms of data, services, practice,
and policy (IRI 2006), which must be solved if climate
and environmental information are to play an important
role in decreasing climate-related hazards.

+ Multidisciplinary Maze: The challenge of
defining research’s purpose resonates differently
among diverse communities. The lack of a
shared understanding often hinders the cohesive
orchestration of multi-disciplinary endeavours.

+ Elusive Data: The tapestry of evidence requires
threads of relevant, accessible data, locally and
globally. The absence of a seamless thread weaves
gaps in policy-relevant evidence essential for
decision-making.

+ Knowledge Generation Gap: The canvas of new
knowledge remains half-painted due to insufficient
prowess in deciphering, assessing, and integrating
climate information into the intricate weave of
research questions.

+ Tools in Dearth: The symphony of data requires
tools that harmonize space and time, interfacing
seamlessly with other research software. Yet, gaps
exist in tools that can perform this complex dance.

+ Fenced Knowledge: Policies and technological
tangles lock knowledge within silos, inhibiting
the creation of networks among researchers with
common objectives, hindering the collective
advancement.

+ Adapting Policies: The environment of policies and
practice often lags behind the dynamic pulse of new
knowledge, failing to respond promptly to emerging
insights into shifts in disease risk.

Amidst these hurdles, a clarion call emerges for action-
able insights. The keystone to informed choices lies in
the embrace of accurate, timely information that paints
the climatic and environmental canvas. This information
should not be an enigma but a beacon, accessible at the
right time and place, illuminating the path of decision-
makers. As we navigate these challenges, creativity must
intertwine with commitment, steering us towards a land-
scape where climate information serves as a compass,
guiding us to a more resilient and informed future.

Page 12 of 14

Acknowledgements
All authors reviewed the manuscript.

Author contributions
All authors reviewed the manuscript.

Funding
NSFC Foreign Scholars Research Fund Project: 62350410483.

Data availability
No datasets were generated or analysed during the current study.

Declarations

Competing interests
The authors declare no competing interests.

Received: 28 November 2023 / Accepted: 24 December 2023
Published online: 06 February 2024

References

1. Lindenmayer DB, Woinarski J, Legge S et al (2022) Eight things you should
never do in a monitoring program: an Australian perspective. Environ Monit
Assess 194:701. https://doi.org/10.1007/510661-022-10348-6

2. Sparrow BD, Edwards W, Munroe SEM, Wardle GM, Guerin GR, Bastin JF, Morris
B, Christensen R, Phinn S, Lowe AJ (2020) Effective ecosystem monitoring
requires a multi-scaled approach. Biol Rev Camb Philos Soc 95(6):1706-1719.
https://doi.org/10.1111/brv.12636

3. Sarah R, Weiskopf MA, Rubenstein LG, Crozier S, Gaichas R, Griffis JE, Halofsky,
Kimberly JW, Hyde TL, Morelli JT, Morisette RC, Mufioz AJ, Pershing DL, Peter-
son R, Poudel MD, Staudinger, Ariana E, Sutton-Grier L, Thompson J, Vose JF,
(2020) Weltzin Kyle Powys Whyte, Climate change effects on biodiversity,
ecosystems, ecosystem services, and natural resource management in the
United States. Science of The Total Environment, 733:137782, ISSN 0048-9697,
https://doi.org/10.1016/j.scitotenv.2020.137782

4. Danielsen F, Eicken H, Funder M, Johnson N, Lee O, Theilade, Ida, Argyriou,
Dimitris, Burgess, Neil (2022) Community Monitoring of Natural Resource
systems and the Environment. Annu Rev Environ Resour 47. https://doi.
org/10.1146/annurev-environ-012220-022325

5. Rosen MA, DiazGranados D, Dietz AS, Benishek LE, Thompson D, Prono-
vost PJ, Weaver SJ Teamwork in healthcare: key discoveries enabling safer,
high-quality care. Am Psychol 2018;73(4):433-450. https://doi.org/10.1037/
amp0000298

6.  Laetitia M, Navarro Néstor, Fernandez C, Guerra R, Guralnick W, Daniel
Kissling MC, Londorio F, Muller-Karger E, Turak P, Balvanera, Mark J, Costello
A, Delavaud GYE, Serafy S, Ferrier |, Geijzendorffer GN, Geller W, Jetz E-S, Kim
CS, Martin, Melodie A, McGeoch, Tuyeni H, Mwampamba JL, Nel E, Nicholson
N, Pettorelli ME, Schaepman (2017) Andrew Skidmore, Isabel Sousa Pinto,
Sheila Vergara, Petteri Vihervaara, Haigen Xu, Tetsukazu Yahara, Mike Gill,
Henrique M Pereira. Monitoring biodiversity change through effective global
coordination. Current Opinion in Environmental Sustainability. 29:158-169,
ISSN 1877-3435, https://doi.org/10.1016/j.cosust.2018.02.005

7. Laikre L, Lundmark C, Jansson E, Wennerstrom L, Edman M, Sandstrom A
(2016) Lack of recognition of genetic biodiversity: international policy and its
implementation in Baltic Sea marine protected areas. Ambio 45(6):661-680.
https://doi.org/10.1007/513280-016-0776-7

8. RohwerY, Marris E (2021) Ecosystem integrity is neither real nor valuable.
Conserv Sci Pract 3:e411. https//doi.org/10.1111/csp2.411

9. Clancy NG, Draper JP, Wolf JM et al (2020) Protecting endangered species
in the USA requires both public and private land conservation. Sci Rep
10:11925. https://doi.org/10.1038/541598-020-68780-y

10.  Rubin H, Fu J, Dentener F, Li R, Huang, Kan, Fu (2022) Hongbo. Global
Nitrogen and Sulfur Budgets Using a Measurement-Model Fusion Approach.
https://doi.org/10.5194/egusphere-2022-873

11.  Gongalves Jr SJ, Evangelista H, Weis J et al (2023) Stratospheric ozone
depletion in the Antarctic region triggers intense changes in sea salt
aerosol geochemistry. Commun Earth Environ 4:77. https://doi.org/10.1038/
s43247-023-00739-z


https://doi.org/10.1007/s10661-022-10348-6
https://doi.org/10.1111/brv.12636
https://doi.org/10.1016/j.scitotenv.2020.137782
https://doi.org/10.1146/annurev-environ-012220-022325
https://doi.org/10.1146/annurev-environ-012220-022325
https://doi.org/10.1037/amp0000298
https://doi.org/10.1037/amp0000298
https://doi.org/10.1016/j.cosust.2018.02.005
https://doi.org/10.1007/s13280-016-0776-7
https://doi.org/10.1111/csp2.411
https://doi.org/10.1038/s41598-020-68780-y
https://doi.org/10.5194/egusphere-2022-873
https://doi.org/10.1038/s43247-023-00739-z
https://doi.org/10.1038/s43247-023-00739-z

Han et al. Journal of Cloud Computing

20.

21

22.

23.

24,

25,

26.

27.

28.

29.

30.

31.

32.

(2024) 13:34

Bhatti UA, Yu Z, Hasnain A, Nawaz SA, Yuan L, Wen L, Bhatti MA (2022) Evaluat-
ing the impact of roads on the diversity pattern and density of trees to
improve the conservation of species. Environ Sci Pollut Res, 1-11

Fréna D, Szenderak J, Harangi-Rakos M The Challenge of Feeding the World.
Sustainability 2019;11:5816. https://doi.org/10.3390/5u11205816

Mehrabi Z, Ellis EC, Ramankutty N (2018) The challenge of feeding the
world while conserving half the planet. Nat Sustain 1:409-412. https://doi.
0rg/10.1038/541893-018-0119-8

Salinas Michele, Baudet, Chloé (2020) The challenges of Agriculture: feeding
the world of tomorrow, on a transitioning and Endangered Earth (May 30,
2020). OIDA Int J Sustainable Dev 13(05):21-58

LiuY, Sun L, Liu B,WuY, Ma J, Zhang W, Wang B, Chen Z (2023) Estimation of
Winter Wheat Yield using multiple temporal vegetation indices derived from
UAV-Based multispectral and hyperspectral imagery. Remote Sens 15:4800.
https://doi.org/10.3390/rs15194800

Rehman NU, Li X, Zeng P, Guo S, Jan S, Liu Y, Huang Y, Xie Q (2021) Harmony
but not uniformity: role of Strigolactone in plants. Biomolecules 11(11):1616.
https://doi.org/10.3390/biom 11111616

Dessureault PL, Boucher JF, Tremblay P, Bouchard S, Villeneuve C (2015)
Uncovering the minor contribution of land-cover change in Upland forests to
the net Carbon Footprint of a Boreal Hydroelectric Reservoir. J Environ Qual
44(4):1111-1118. https://doi.org/10.2134/jeq2015.02.0071

Roychowdhury R, Ballén-Taborda C, Chaturvedi P (2023) Editorial: character-
izing and improving traits for resilient crop development. Front Plant Sci
14:1307327. https://doi.org/10.3389/fpls.2023.1307327

Maheswari P, Raja P, Apolo-Apolo OE, Pérez-Ruiz M (2021) Intelligent

Fruit Yield Estimation for orchards using deep learning based semantic
segmentation Techniques—A review. Front. Plant Sci 12:684328. https://doi.
0rg/10.3389/fpls.2021.684328

Hung C, Underwood J, Nieto J, Sukkarieh (2013) Salah. A Feature Learn-

ing Based Approach for Automated Fruit Yield Estimation. https://doi.
0rg/10.13140/2.1.1890.6247

Zhu Z,Qiu'S, Ye S (2022) Remote sensing of land change: a multifaceted
perspective. Remote Sens Environ Volume 282 113266:0034-4257. https://
doi.org/10.1016/j.rse.2022.113266

Reiner F, Brandt M, Tong X et al (2023) More than one quarter of Africa’s tree
cover is found outside areas previously classified as forest. Nat Commun
14:2258. https://doi.org/10.1038/541467-023-37880-4

Feng Yang X, Jiang AD, Ziegler LD, Estes J, Wu A, Chen P, Ciais J, Wu (2023)
Zhen Zhong Zeng. Improved fine-scale Tropical Forest Cover Mapping for
Southeast Asia using Planet-NICFl and Sentinel-1 imagery. J Remote Sens
3:0064. https://doi.org/10.34133/remotesensing.0064

Sun G, Zhou J, MaY, Xu'Y, Pan B, Zhang Z (2022) A review of remote sensing
for potato traits characterization in precision agriculture. Front Plant Sci
13:871859. https://doi.org/10.3389/fpls.2022.871859

Prechsl UE, Mejia-Aguilar A, Cullinan CB (2023) In vivo spectroscopy and
machine learning for the early detection and classification of differ-

ent stresses in apple trees. Sci Rep 13:15857. https://doi.org/10.1038/
541598-023-42428-z

QianY,Yang Z, Di L, Rahman MS, Tan Z, Xue L, Gao F, Yu EG, Zhang X (2019)
Crop growth Condition Assessment at County Scale based on heat-aligned
growth stages. Remote Sens 11:2439. https://doi.org/10.3390/rs11202439
Gomez-Candon D, Bellvert J, Pelechd A, Lopes MS (2023) A Remote Sensing
Approach for assessing daily cumulative evapotranspiration integral in wheat
genotype screening for Drought Adaptation. Plants (Basel) 12(22):3871.
https://doi.org/10.3390/plants12223871

Fan J, Zhang X, Zhao C, Qin Z, De Vroey M, Defourny P (2021) Evaluation of
crop type classification with different high Resolution Satellite Data sources.
Remote Sens 13:911. https://doi.org/10.3390/rs13050911

Seleiman MF, Al-Suhaibani N, Ali N, Akmal M, Alotaibi M, Refay Y, Dindaroglu
T, Abdul-Wajid HH, Battaglia ML (2021) Drought stress impacts on plants and
different approaches to alleviate its adverse effects. Plants (Basel) 10(2):259.
https://doi.org/10.3390/plants 10020259

Engen M, Sandg E, Sjglander BLO, Arenberg S, Gupta R, Goodwin M (2021)
Farm-scale crop yield prediction from multi-temporal data using deep
hybrid neural networks. Agronomy 11:2576. https://doi.org/10.3390/
agronomy11122576

Mahlayeye M, Darvishzadeh R, Nelson A (2022) Cropping patterns of
annual crops: a remote sensing review. Remote Sens 14:2404. https://doi.
0rg/10.3390/rs14102404

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

45.

46.

47.

48.

49.

50.

5T

52.

53.

Page 13 of 14

Radocaj D, Jurisi¢ M, Gasparovi¢ M (2022) The role of Remote Sensing Data
and methods in a Modern Approach to Fertilization in Precision Agriculture.
Remote Sens 14:778. https://doi.org/10.3390/rs14030778

Tiedeman K, Chamberlin J, Kosmowski F, Ayalew H, Sida T, Hijmans RJ (2022)
Field data collection methods strongly affect satellite-based crop yield
estimation. Remote Sens 14:1995. https://doi.org/10.3390/rs14091995
Yousaf R, Rehman HZU, Khan K, Khan ZH, Fazil A, Mahmood Z, Qaisar SM,
Siddiqui AJ (2023) Satellite Imagery-based cloud classification using deep
learning. Remote Sens 15:5597. https://doi.org/10.3390/rs15235597
Alzubaidi L, Bai J, Al-Sabaawi A et al (2023) A survey on deep learning tools
dealing with data scarcity: definitions, challenges, solutions, tips, and applica-
tions. J Big Data 10:46. https://doi.org/10.1186/540537-023-00727-2

Shiri F, Perumal T, Mustapha N, Mohamed R (2023) A Comprehensive Over-
view and Comparative Analysis on Deep Learning Models: CNN, RNN, LSTM,
GRU. ArXiv, abs/2305.17473

Bhatti, U. A, Huang, M., Neira-Molina, H., Marjan, S., Baryalai, M., Tang, H,, ...
Bazai, S. U. (2023). MFFCG-Multi feature fusion for hyperspectral image
classification using graph attention network. Expert Systems with Applications,
229:120496

Tang, H., Bhatti, U. A, Li, J, Marjan, S, Baryalai, M., Assam, M., ... Mohamed,
H.G. (2023). A New Hybrid Forecasting Model Based on Dual Series Decom-
position with Long-Term Short-Term Memory. International Journal of Intel-
ligent Systems, 2023

Ashoka Gamage R, Gangahagedara J, Gamage N, Jayasinghe N, Kodikara P,
Suraweera O, Merah (2023) Role of organic farming for achieving sustainabil-
ity in agriculture. Farming System, 1(1):100005, ISSN 2949-9119, https://doi.
0rg/10.1016/j farsys.2023.100005

Gomiero TS, (2016) Degradation Land Scarcity and Food Security: Review-
ing a Complex Challenge. Sustainability 8:281. https://doi.org/10.3390/
su8030281

Besson M, Alison J, Bjerge K, Gorochowski TE, Haye TT, Jucker T, Mann HMR,
Clements CF (2022) Towards the fully automated monitoring of ecologi-

cal communities. Ecol Lett 25(12):2753-2775. https://doi.org/10.1111/
ele.14123Epub 2022 Oct 20

Neumann W, Martinuzzi S, Estes AB et al (2015) Opportunities for the applica-
tion of advanced remotely-sensed data in ecological studies of terrestrial
animal movement. Mov Ecol 3:8. https://doi.org/10.1186/540462-015-0036-7
Ancora LA, Blanco-Mora DA, Alves |, Bonifacio A, Morgado P, Miranda B
(2022) Cities and neuroscience research: a systematic literature review. Front
Psychiatry 13:983352. https://doi.org/10.3389/fpsyt.2022.983352

Buttazzoni A, Doherty S, Minaker L (2022) How do Urban environments affect
Young people’s Mental Health? A Novel Conceptual Framework to Bridge
Public Health, Planning, and Neurourbanism. Public Health Rep 137(1):48-61.
https://doi.org/10.1177/0033354920982088

Katrandzhiev K, Gocheva K, Bratanova-Doncheva S (2022) Whole System
Data Integration for Condition Assessments of Climate Change Impacts: An
Example in High-Mountain Ecosystems in Rila (Bulgaria). Diversity. 14:240.
https://doi.org/10.3390/d 14040240

Viyvlecka P, Pechanec V (2023) Optical remote sensing in provisioning of eco-
system-functions analysis—review. Sensors 23:4937. https://doi.org/10.3390/
$23104937

Almalki R, Khaki M, Saco PM, Rodriguez JF (2022) Monitoring and mapping
vegetation cover changes in arid and semi-arid areas using Remote Sens-
ing Technology: a review. Remote Sens 14:5143. https://doi.org/10.3390/
1s14205143

Gilligan JM (2021) Expertise across disciplines: establishing Common Ground
in Interdisciplinary Disaster Research teams. Risk Anal 41(7):1171-1177.
https://doi.org/10.1111/risa.13407

Mark DA, Rounsevell A, Arneth C, Brown, William WL, Cheung O, Gimenez |,
Holman P, Leadley PH, Verburg G, Vieilledent BA, Wintle (2021) Yunne-Jai Shin.
Identifying uncertainties in scenarios and models of socio-ecological systems
in support of decision-making. One Earth, 4(7):967-985, ISSN 2590-3322,
https://doi.org/10.1016/j.oneear.2021.06.003

Nilashi M, Keng Boon O, Tan G, Lin B, Abumalloh R (2023) Critical data chal-
lenges in measuring the performance of sustainable development goals:
solutions and the role of big-data analytics. Harv Data Sci Rev 5(3). https://
doi.org/10.1162/99608f92.545db2cf

Stephan Lewandowsky. Climate Change Disinformation and how to combat
it. Annual Rev Public Health 2021 42(1):1-21

Simpson EH, Balsam PD (2016) The behavioral neuroscience of motivation:
an overview of concepts, measures, and translational applications. Curr Top
Behav Neurosci 27:1-12. https://doi.org/10.1007/7854_2015_402


https://doi.org/10.3390/su11205816
https://doi.org/10.1038/s41893-018-0119-8
https://doi.org/10.1038/s41893-018-0119-8
https://doi.org/10.3390/rs15194800
https://doi.org/10.3390/biom11111616
https://doi.org/10.2134/jeq2015.02.0071
https://doi.org/10.3389/fpls.2023.1307327
https://doi.org/10.3389/fpls.2021.684328
https://doi.org/10.3389/fpls.2021.684328
https://doi.org/10.13140/2.1.1890.6247
https://doi.org/10.13140/2.1.1890.6247
https://doi.org/10.1016/j.rse.2022.113266
https://doi.org/10.1016/j.rse.2022.113266
https://doi.org/10.1038/s41467-023-37880-4
https://doi.org/10.34133/remotesensing.0064
https://doi.org/10.3389/fpls.2022.871859
https://doi.org/10.1038/s41598-023-42428-z
https://doi.org/10.1038/s41598-023-42428-z
https://doi.org/10.3390/rs11202439
https://doi.org/10.3390/plants12223871
https://doi.org/10.3390/rs13050911
https://doi.org/10.3390/plants10020259
https://doi.org/10.3390/agronomy11122576
https://doi.org/10.3390/agronomy11122576
https://doi.org/10.3390/rs14102404
https://doi.org/10.3390/rs14102404
https://doi.org/10.3390/rs14030778
https://doi.org/10.3390/rs14091995
https://doi.org/10.3390/rs15235597
https://doi.org/10.1186/s40537-023-00727-2
https://doi.org/10.1016/j.farsys.2023.100005
https://doi.org/10.1016/j.farsys.2023.100005
https://doi.org/10.3390/su8030281
https://doi.org/10.3390/su8030281
https://doi.org/10.1111/ele.14123
https://doi.org/10.1111/ele.14123
https://doi.org/10.1186/s40462-015-0036-7
https://doi.org/10.3389/fpsyt.2022.983352
https://doi.org/10.1177/0033354920982088
https://doi.org/10.3390/d14040240
https://doi.org/10.3390/s23104937
https://doi.org/10.3390/s23104937
https://doi.org/10.3390/rs14205143
https://doi.org/10.3390/rs14205143
https://doi.org/10.1111/risa.13407
https://doi.org/10.1016/j.oneear.2021.06.003
https://doi.org/10.1162/99608f92.545db2cf
https://doi.org/10.1162/99608f92.545db2cf
https://doi.org/10.1007/7854_2015_402

Han et al. Journal of Cloud Computing (2024) 13:34 Page 14 of 14

54. Bhatti UA Tang H, Wu S (2023) Mangrove decline puts Pakistan's coasts at risk. 57.  Hrinkevich KH, Progar RA, Shaw DC (2016) Climate Risk Modelling of Balsam

Science 382(6671):654-655 woolly adelgid damage severity in Subalpine Fir Stands of Western North
55. Bhatti, U. A, Bazai, S. U, Hussain, S, Fakhar, S, Ku, C. S, Marjan, S, ... Jing,L. America. PLoS ONE 11(10):0165094. https://doi.org/10.1371/journal.
(2023). Deep Learning-Based Trees Disease Recognition and Classification pone.0165094
Using Hyperspectral Data. Computers, Materials & Continua. 77(1) 58.  Henrik Hartmann A, Bastos AJ, Das A, Esquivel-Muelbert WM, Hammond J,
56.  Neale RE, Barnes PW, Robson TM, Neale PJ, Williamson CE, Zepp RG, Wilson Martinez-Vilalta NG, McDowell JS, Powers, Thomas AM, Pugh, Katinka X, Ruth-
SR, Madronich S, Andrady AL, Heikkild AM, Bernhard GH, Bais AF, Aucamp rof CD (2022) Allen. Climate Change risks to Global Forest Health: emergence
PJ, Banaszak AT, Bornman JF, Bruckman LS, Byrne SN, Foereid B, Hader DP, of unexpected events of elevated Tree Mortality Worldwide. Annu Rev Plant
Hollestein LM, Hou WC, Hylander S, Jansen MAK, Klekociuk AR, Liley JB, Biol 73(1):673-702
Longstreth J, Lucas RM, Martinez-Abaigar J, McNeill K, Olsen CM, Pandey KK, 59. Batko K, Slezak A (2022) The use of Big Data Analytics in healthcare. J Big Data
Rhodes LE, Robinson SA, Rose KC, Schikowski T, Solomon KR, Sulzberger B, 9(1):3. https://doi.org/10.1186/540537-021-00553-4
Ukpebor JE, Wang QW, Wéngberg SA, White CC, Yazar S,Young AR, Young PJ,
Zhu L, Zhu M (2021) Environmental effects of stratospheric ozone depletion, . ’
UV radiation, and interactions with climate change: UNEP Environmental quHSher s Note ) ) ] ]
Effects Assessment Panel, Update 2020. Photochem Photobiol Sci 20(1):1-67. Springer Nature remains neutral with regard to jurisdictional claims in

https://doi.org/10.1007/543630-020-00001 published maps and institutional affiliations.


https://doi.org/10.1007/s43630-020-00001-x
https://doi.org/10.1371/journal.pone.0165094
https://doi.org/10.1371/journal.pone.0165094
https://doi.org/10.1186/s40537-021-00553-4

	﻿Challenges in remote sensing based climate and crop monitoring: navigating the complexities using AI
	﻿Abstract
	﻿Introduction
	﻿Concerns and challenges
	﻿Monitoring depends on a small number of indicators
	﻿Choice of ecological variables
	﻿Lack of scientific rigor
	﻿Technological limitations
	﻿Data integration
	﻿Scale disparities
	﻿Interdisciplinary collaboration
	﻿Data quality and uncertainty
	﻿Access to resources and infrastructure
	﻿Addressing Dynamic systems
	﻿Policy implications

	﻿Crop remote sensing Recognition algorithms
	﻿Crop remote sensing Recognition based on traditional machine learning methods
	﻿Crop remote sensing Recognition based on deep learning
	﻿Issues and prospects

	﻿Conclusion
	﻿References


