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Abstract: Federated Machine Learning (FML) has become an increasingly common approach for addressing data security and privacy issues
in fields such as the Internet of Things (10T) and agriculture. The application of FML in crop yield prediction is the primary objective of this
review paper. Decentralized data from agricultural systems and Internet of Things devices is used to train models cooperatively without
compromising sensitive data. FML ensures that data remains local by enabling distributed learning across several edge devices, improving
privacy, and enabling effective and precise agricultural output forecasting. 10T sensors gather a variety of data in smart agriculture, including
plant health measurements, soil conditions, and weather patterns. These data may be easily included in federated learning frameworks to
provide real-time insights and decision-making. This study examines recent developments in agriculture-specific federated learning
approaches, emphasizing important issues including communication effectiveness, model personalization, and data heterogeneity. The study
additionally examines new developments in federated learning and innovative machine learning approaches to increase prediction accuracy,
lower computing costs, and offer dependable options for sustainable agriculture.
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I. INTRODUCTION

Agriculture is an essential industry that supports global development by creating jobs and revenue all around the world.
Recent studies in 2025 further strengthened the role of Federated Learning (FL) in sustainable agriculture and crop yield
prediction. Hiremani et al. (2025) presented a comprehensive review of FL applications in crop yield prediction, emphasizing
privacy-preserving distributed learning, communication-efficient model aggregation, and handling heterogeneous agricultural
datasets. The study highlighted that FL improves collaboration among geographically distributed farms without sharing raw farm
data, thereby enhancing data security and farmer trust. In addition, Abouaomar et al. (2025) proposed a Hierarchical Federated
Learning architecture for smart agricultural production systems, where crop-specific clusters and multi-layer aggregators
improved prediction consistency and scalability. Their framework demonstrated better alignment with real crop yield patterns
compared with conventional machine learning methods. Furthermore, recent advancements integrated graph neural networks and
recurrent neural networks with FL to improve spatial-temporal crop yield analysis and forecasting performance under varying
climatic conditions.

Food security and environmental sustainability depend on it, and yield maximization depends on crop result prediction
(Gupta et al., 2022). Predicting crop productivity is a challenging problem in agriculture, yet it is essential to field, regional, and
global decision-making (Nyeki and Nemenyi, 2022). Yield is predicted using crop, soil, weather, and environmental factors.
Important crop characteristics are extracted for prediction by decision support models. Crop yield prediction algorithms help
farmers make better decisions about crop production schedules and environmental circumstances. When formulating import-
export policies, officials use early agricultural yield prediction as a strategic plan (Iniyan and Jebakumar, 2022). More precise
forecasts are made possible by contemporary technologies like artificial intelligence and Machine Learning (ML), which also
optimize resource utilization, support sustainable farming, reduce the hazards associated with climate variability, and improve
global food security (Prasad et al., 2022).

Predicting crop output is a big issue in agriculture and is crucial for making decisions at the local, regional, and
international levels.Algorithms for decision support are used to extract soil, climatic, environmental, and crop attributes that are
used to estimate crop yield (Shao et al., 2023). Spatial-temporal connections that are dynamic and nonlinear during crop growth
make it challenging to make timely and accurate predictions. Land diversities, weather patterns, geographic locations, disease
prevention strategies, and natural disasters make crop monitoring difficult as well (Qiao et al., 2023). In these circumstances,
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traditional techniques for crop classification and yield calculation are useless. Crop genotype, environmental conditions, and
management techniques are some of the variables that affect crop yield forecast. Existing models need to be improved because
they have not been satisfactory (llyas et al., 2023). Careful identification of independent variables and a deep comprehension of
the research object are necessary for accurate forecasting. There are insufficient quantitative, impartial, and reliable techniques to
guarantee the accuracy of agricultural information, which limits its use and produces unreliable outcomes (Haider et al., 2024).

Crop and soil factors influencing crop yield can be monitored through proximal sensing. ML algorithms with precision
agriculture equipment are helpful in determining the best crop for management of crop productivity. Among the ML methods,
Random Forest (RF), Decision Tree (DT), and Artificial Neural Network (ANN) can be recommended to identify the best crop
(Abbas et al., 2020). As FL is a decentralized method of training the model in the agri-food industry and due to different data from
individual farms, it offers disadvantages (Desloires et al., 2023). The ML approach generates multi-resource models, but the
impact of different time periods on yield projections is not known (Sharifi, 2021). To make the ML model accurate, proper feature
selection techniques are required for making them efficient (Raja et al., 2022).

Recent advancements in 2025 have expanded FL applications in 1oT-enabled smart agriculture. Li et al. (2025) proposed
a lightweight vision-language model based federated learning framework (VLLFL) for smart agriculture, significantly reducing
communication overhead while improving object detection and crop monitoring accuracy. Another study introduced FedReplay,
a federated transfer learning framework integrating CLIP-based vision transformers with lightweight classifiers to improve
agricultural image classification under non-11D data distributions. Experimental results demonstrated higher accuracy and reduced
communication costs compared with conventional FL systems. Moreover, researchers at 111T-Allahabad developed an Al-10T-FL
based crop disease detection system capable of identifying crop diseases directly in farm environments using real-time sensor and
image data, achieving high prediction accuracy while maintaining farmer data privacy.

This paper explores the latest innovation in federated learning, particularly for agriculture, by focusing on specific
domain-specific challenges. It emphasizes the need to improve communication efficiency so that overhead data exchange
between the distributed nodes is reduced. Another area that needs emphasis is model personalization so that it can adapt to different
environmental and operational conditions in various agricultural settings. This would be a study in addressing data heterogeneity,
which is a challenge that majorly different types of crops, climate conditions, and farming practices face. These areas being the
focus, the applicability and performance of FL systems in smart agriculture would improve significantly.

I1. I0T AND SMART AGRICULTURE: ENABLING TECHNOLOGIES

loT and Smart Agriculture integrate sensors, drones, and automated systems to enhance farming efficiency. Key
technologies include wireless sensor networks, cloud computing, and Al for real-time monitoring, data analytics, and precision
farming. These innovations optimize resource use, improve crop Yield, and enable sustainable practices for meeting global food
demands.

Siddiquee et al., (2022) proposed 10T solutions for monitoring smart agriculture systems. CHT has been used to identify
and measure vegetables from the agricultural sector. Defective veggies have also been identified through color segmentation and
color thresholding algorithms. All the methods have been developed and implemented using a CNN, which is a ML technique. In
order to find the best approach for its implementation in this agricultural monitoring system, conventional techniques have been
simulated and compared with CNN in MATLAB. CNN is the best approach in this study compared to the conventional techniques
since it outperforms the previously created algorithms.

Gupta and Nahar (2023) proposed a hybrid model of (ML) that combines pre-processing, feature selection, and
classification for yield prediction by the 10T. The proposed model classifies samples by their input soil parameters and predicts
soil quality by the use of the Adaptive k-Nearest Centroid Neighbour Classifier (aKNCN) model. A modified Butterfly
Optimization method, mBOA, is used to update weights in the Extreme Learning Machine, ELM, method, which is used to
estimate agricultural productivity.

Yang et al. (2024) introduced the yield forecasting model of wheat using ML in UAV-based multi-sensor data fusion.
Methods used for the experiment were Ridge Regression (RR), RF, k-nearest neighbor (KNN), extreme gradient boosting
(XGboost), DT, and partial least squares. Full irrigation and partial irrigation treatments had been conducted in the planting
materials on 270 different wheat hybrids. Mount thermal infrared (TIR), multispectral (MS), and red-green-blue (RGB) sensors
on an economical multi-sensor UAV platform. In multi-sensor data fusion, the XGboost algorithm was efficient; among these,
RGB + MS + Texture + TIR combination was the best fusion performance. The performance of the third-layer simple average
ensemble approach was found to be better than that of the feature-weighted and stacking ensemble methods of the second layer.
This new finding throws new light upon the breeding selection and prediction of agricultural yield.

Fei et al. in 2023 presented on how techniques of ML can be applied in aggregating the multi-sensor data of unmanned
aerial vehicles (UAVS) in the quest for making more precise wheat crop production forecasting. For the integration of the multi-
sensor data and ensemble learning, the use of five ML algorithms was: Cubist, Support Vector Machine (SVM), Deep Neural
Network (DNN), RR, and RF. Thirty wheat cultivars and breeding lines grown under three distinct irrigation regimes were used
in this study. Our results indicated that yield prediction based on multi-sensor data fusion provided noticeably higher accuracy
than with individual-sensor data, based on all the ML models. Moreover, the combination of those models into ensemble learning
improved the predicted accuracy and thus proves promising. This high-throughput phenotyping system offers a useful tool for
enhancing selection efficiency in extensive wheat breeding programs.

Elbasi et al. (2023) explored the potential benefits of including ML algorithms in modern agriculture to optimize crop
yield and reduce waste. The paper contains experimental results that demonstrate how label changes impact the accuracy of data
analysis algorithms, discusses the current state of ML in agriculture, and identifies opportunities and challenges. The results
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suggest that farmers can make better judgments on the variables influencing crop development by examining a variety of farm
data including real-time 10T sensor data. These technologies can be combined to raise agricultural yields while waste is reduced.
From these, the Bayes Net, Naive Bayes (NB) Classifier, and Hoeffding Tree algorithms were used in creating a new feature
combination scheme-enhanced algorithm that achieved a high classification accuracy. This may be translated into a higher
production rate, lower costs, and more robust infrastructure. The results will be useful to future farmers by reducing costs
during food shortages, improving the efficiency of crop production, and detecting diseases early.

Arshad et al. (2022) made a smart DSS designed to reduce water seepage and increase yield; real-time monitoring of
these processes was carried out. Such an integrated system includes control fertilizers, intelligent sensing module, and smart
systems in irrigation. The sensors used include temperature and humidity, pH, soil moisture, soil conductivity, and NPK. The
Serial Peripheral Interface (SPI) communication protocol is used to send data across Long Range (LoRa) to the cloud. A real-time
monitoring application for Android has been designed. The DSS triggers warnings for sustainable fertilizer consumption from
sensor data, historical trends, and climatic trends. The system can work better as it has the capabilities of long-range transmissions
than the existing systems.

Rani et al. (2023) proposed a crop selection model that includes soil factors and weather data to give more accurate
recommendations. Weather analysis is done using an LSTM Recurrent Neural Network, which is great at discovering temporal
relationships in meteorological data. The model determines the best crop to use based on the factors considered by applying the
RF Classifier in crop selection. The model provides more reliable inputs for a decision and outwits conventional ANNSs in terms
of weather prediction. With the integration of data-driven crop selection and advanced weather forecasting, the study aims at
boosting agricultural production and sustainability.

I1l. FEDERATED LEARNING FOR SUSTAINABLE CROP YIELD PREDICTION

FL enables sustainable crop yield prediction by collaboratively training models across distributed data sources without
centralizing data. It ensures privacy and security while leveraging diverse agricultural data. This approach enhances predictive
accuracy, supports resource-efficient farming, and empowers farmers with localized insights for improved decision-making in
sustainable agriculture.

Badshah et al. (2024) presented two regression and classification ML architectures based on two datasets. The first one
uses a crop recommendation dataset from Kaggle with the help of methods like Extra Tree Classifier, Logistic Regression (LR),
DT, RF, KNN, Gaussian Naive

Bayes, and SVM. The World Bank and FAO wheat yield prediction data are used in the second dataset, and the best-
performing model is the Support Vector Regressor. The study aims at promoting ecologically friendly farming practices,
improving food security, reducing hazards, and boosting agricultural output.

Chen et al. (2024) developed the SusFL system, a novel energy-aware federated learning (FL)-based system, for
sustainable smart farming, it periodically updates Long Range gateways to identify illnesses like mastitis and trains a local DL
model on health data from animals, including cattle, using solar sensors. The system uses mechanism design to minimize energy
use and maximize monitoring quality. Real-time dataset analysis shows that the SusFL system outperforms existing methods in
terms of social welfare maximization, operational efficiency, prediction accuracy, and system reliability.

Mukherjee and Buyya (2024) used Long Short-Term Memory (LSTM) Networks to estimate crop yields using both
centralized and decentralized federated learning frameworks. For centralized federated learning, a single server and multiple
clients are considered, where the clients communicate model updates with the server that acts as the aggregator to generate the
global model. Either ring topology or mesh topology is used to create a cooperative network amongst the devices in the
decentralized framework. Each device in this network aggregates the model updates it receives from its neighbors to create an
updated model. Prediction accuracy, precision, recall, F1-Score, and training time are used to assess the effectiveness of the
centralized and decentralized federated learning frameworks.

Kuradusenge et al. (2023) used historical weather and yield data for Musanze, a district in Rwanda, to forecast future
crop harvests (i.e., maize and Irish potatoes) using data mining techniques. The study employs ML approaches to communicate
information about production trends and anticipate crop harvests based on meteorological data. Gathered meteorological data and
yields from several sources for Irish potatoes and maize.To assess the collected data, RF, Polynomial Regression (PR), and SVR
were employed. Rainfall and temperature were used as predictions. The models were trained and tested. The results show that RF
is the best model. The optimal weather conditions for each crop were identified in order to maximize crop yield. The RF model
is recommended for early crop yield prediction based on the results. The findings of this study will greatly expand the use of
data in climate change and agriculture decisions, especially in low-to-middle income countries.

Sharma et al. (2023) objective is to forecast agricultural yield by using the characteristics of rainfall, crop, weather, area,
production, and yield that have presented a significant risk to agriculture's long-term sustainability. Crop yield prediction is a
decision-support tool that uses ML and deep learning (DL) to help determine which crops to grow and what to do during the crop's
growth season. During the growing season, it has the authority to decide which crops to grow and how to continue. Regardless of
the distracting surroundings, crop selection uses ML and DL algorithms to reduce agricultural yield output losses. Agricultural
productivity has been estimated using DL techniques including convolutional neural networks and long-short term memory
networks, as well as ML techniques like DT, RF, and XGBoost regression. Accuracy, losses, mean square error, mean absolute
error, standard deviation, and root mean square error are compared. Other ML and DL methods are not as effective as the RF and
CNN.

Hoque et al. (2024) presented a groundbreaking agricultural yield forecasting system using a year's worth of weather
data, pesticide records, crop yield data, and ML algorithms. We trained and evaluated three ML models: Multivariate LR, KNN,
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and Gradient Boosting (GB) after employing rigorous methods to gather, clean, and enhance the data. To avoid overfitting and
enhance the model's performance, we employed the GridSearchCV method for hyper-parameter adjustment to identify the optimal
hyper-parameter during K-Fold cross-validation. This study examined the relationship between expected and actual crop yields
in addition to identifying the ideal weather conditions. It opens the door for data-driven approaches to resource distribution and
sustainable agriculture, which will ultimately result in a more secure future in terms of food availability and climate change
resilience.

Elavarasan and Vincent (2020) concentrate on forecasting crop yield by considering crop, soil, water, and environmental
factors. Crop features are extracted using DL -based models, although these models have drawbacks, such as the inability to
directly convert raw data to yield numbers. A comprehensive framework for predicting crop productivity is produced by
combining DL with reinforcement learning. Using a Recurrent Neural Network DL algorithm over the Q-Learning reinforcement
learning technique, the proposed study builds a Deep Recurrent Q-Network model to predict agricultural yield. The model maps
output values to Q-values using a linear layer, and the reinforcement learning agent employs thresholds and parametric
parameters to forecast crop yield.

IV. CHALLENGES IN CROP YIELD PREDICTION

Ansarifar et al. (2021) created a novel predictive model that combines agronomic knowledge, ML, and optimization: the
interaction regression model. It outperformed state-of-the-art algorithms, attaining in three Midwest states a relative root mean
square error of 8% or less. For corn and soybean productivity, the model identified roughly a dozen environment by management
interactions; some of these interactions align with standard agronomic knowledge. By statistically breaking down crop yield into
the contributions of weather, soil, management, and their interactions, agronomists were able to identify the variables that
influence yield in particular weather and management conditions. The capacity of the model to simultaneously generate precise
forecasts and comprehensible insights is its most important contribution. The algorithm is trained to select features and interactions
that are resilient over time and space by striking a balance between prediction accuracy for training data and generalizability to
test data.

Morales and Villalobos (2023) used synthetic datasets from biophysical crop models to investigate how predictive
performance is affected by the predictive algorithm selection, data volume, and data division techniques. In order to compare the
ability of various methods (such as regularized linear models, RF and ANN) to forecast future yields, the study simulated sunflower
and wheat data from Spain. Although the RF approach outperformed regularized linear models and ANN, it still had a little edge
over the predictions of a reasonable baseline. According to the study, in order to assess the additional cost of data needed for the
model, Al algorithms for yield prediction should always compare their results with the best estimate.

Nikhil et al. (2024) sought to forecast the yield and production of a variety of crops, including rice, sorghum, cotton,
sugarcane, and rabi, using ML models. To forecast future crop production and yields, we train these models using meteorological,
soil, and crop data. We conducted a thorough analysis of the effectiveness of different ML regression models in forecasting
agricultural production and yield using a dataset of characteristics that affect crop production and yield from particular Indian
states. According to the findings, out of all the models analyzed, the Extra Trees Regressor performed the best.

Talaat (2023) presented a new method for precision agriculture that uses 10T techniques: the Crop Yield Prediction
Algorithm (CYPA). Crop yield models facilitate an understanding of the cumulative effects of field variables such as pests,
diseases, and water and nutrient deficits during the growing season. Because big data databases can retain various properties
indefinitely in time and location, they can aid in the study of weather, technology, soils, and plant species classification. In the
intended CYPA, climate, meteorological, agricultural output, and chemical data are integrated to assist farmers and officials in
their country in forecasting annual crop yields. Five models are trained and assessed in the study using the best hyper-parameter
configurations for each ML method. Additionally, a new active learning method that reduces the amount of labeled data needed
for training can enhance CYPA's effectiveness. By incorporating active learning into CYPA, crop production prediction accuracy
and efficiency can be improved, supporting local, regional, and international decision-making.

Salam et al. (2024) introduced a new paradigm to predict the yields of agriculture which overcome the above-mentioned
problems. Our system has the ability to enhance the accuracy in predictions by incorporating an optimized SVR model with a
novel hybrid feature selection technique. The proposed system has three stages: preprocessing, hybrid feature selection, and the
prediction phases. In the preprocessing phase, data normalization is carried out followed by the application of K-means clustering
and the correlation-based filter, or CFS, to develop a smaller dataset. The paper culminates with proposing a hybrid feature
selection method unique for the hybrid FMIG-RFE phase. Finally, apart from the hybrid feature selection approach, a refined
version of Crayfish Optimization Algorithm named as ICOA that will be employed in tuning SVR's hyperparameter in order to
maximize its predictive accuracy in predicting a phenomenon of interest will also be used during the prediction phase of this
paper. The performance of the suggested framework is tested and evaluated through a number of experiments. The outcomes
showed that the suggested framework outperformed state-of-the-art methods. The testing results of the optimization method of
ICOA support its effectiveness in optimizing SVR model hyperparameters as compared to other algorithms, thus boosting
accuracy and efficiency in predictions and computations.

Shahhosseini et al. (2021) studied the way crop modeling and ML can be combined to boost the accuracy of corn yield
forecasts in the US Corn Belt. The paper focuses on identifying the best characteristics of crop models for use in ML as well as
the most accurate hybrid model combinations. To address the research question, six ensemble models and five ML models were
developed. This would show that incorporating variables from simulation crop models in APSIM into ML models reduces the
yield prediction root mean squared error. It was also observed that the APSIM factors related to soil moisture have the highest
effects on the ML predictions. Then came the variables concerning crops and phenology. The study concludes that ML models
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require additional hydrological inputs to better predict crop yields because weather data alone are not sufficient.

Mahesh and Soundrapandiyan 2024 stated that the crop yield can be predicted with the help of ML algorithms because
it depends both on the economic and environmental conditions. Environmental factors include temperature, soil fertility, water
availability and quality, and seasonal fluctuation. Economic factors include availability of stock, preservation capacity, market
demand, purchasing power, and crop pricing. Three advanced ML algorithms were examined using a robust framework: namely,
Categorical Boosting (CatBoost), Light Gradient-Boosting Machine (LightGBM), and XGBoost. Among all of these, CatBoost
had the highest precision percentage. To measure the effectiveness of the models, RMSE and R2 values were calculated and
compared between the expected and observed rice yields. This demonstrated how these algorithms could enhance agricultural
productivity and decision-making.

Hu et al. (2023) developed a Bayesian ensemble model (BM), to provide explainable artificial intelligence (Al) for
analyzing and forecasting historical agricultural yield data. BM is quite good at both explaining and forecasting, and it
demonstrated real relationships when tested on artificial data. The other two technological shifts were two technological shifts
identified by BM from the maize yield statistics of Ohio. By BM, it was determined that crop response was nonlinear asymmetric
to climate with non-negligible temperature-precipitation interaction effects, and these fresh perspectives were not feasible with
the current black-box techniques. The authors urge further efforts to use interpretable ML for mechanistic understandings of crop-
climate interactions and warn against the careless use of black-box ML for statistical crop modeling.

Priyatikanto et al. (2023), DNN and domain adaptive neural network models developed by applying three domain
adaptation algorithms namely Regular Transfer Neural Network (RTNN), Kullback-Leibler Importance Estimation Procedure
(KLIEP), and Discriminative Adversarial Neural Network (DANN) on weather data, remote sensed characteristic, and maize yield
record were applied for generalization and transferability. The results showed that although soil organic content showed no effect
to the generalizability of models, models trained over temperate regions with medium-high GDD and modest VPD generalised
well. Using limited datasets by GCI to train models is generally not recommended, however as this feature is highly associated
with maize yield and adaptability, and domains which may intercept rarely won't. A model that was trained in the United States
or another region with enough data should perform consistently in other regions by feature-based adaptation, the paper argues,
demonstrating KullbackLeibler divergence as a justification for domain adaptation.

Gharakhanlou et al., (2024) evaluated the performance of five ensemble ML models in forecasting agricultural yields.
These models were chosen based on their strong performance and ability to handle complex datasets. It included climate variables,
satellite-derived vegetation indices, soil properties, and honeybee census data. ArcGIS Pro was used in interpolating and averaging
of the climate variables, whereas Python was used in preparation of the data. For the accuracy of the models' evaluation, RMSE,
R-squared, and MAE were utilized. XGBoost proved to be the most accurate model. Further, the agricultural yields were evaluated
under various climate change scenarios, showing slight variability but significant negative impacts on soybean and canola. This
shows proactive preparedness toward climate change that supports the farmers and other actors to manage risks and deploy
resources efficiently.

V. COMPARATIVE ANALYSIS OF FEDERATED MACHINE LEARNING APPROACHES

Pandith et al. (2020) applied various ML algorithms to predict the advance output of mustard crop from soil study. Data
for the experimental setup, which includes soil samples from different districts in the Jammu region for the mustard crop, was
collected from the Department of Agriculture Department, TalabTillo, Jammu. The five supervised ML algorithms applied to the
data gathered for this research are KNN, NB, Multinomial LR, ANN, and RF. The performance of each technique studied is
assessed through five criteria: accuracy, recall, precision, specificity, and f-score. The experiments conducted help determine
the best reliable method for predicting the output of mustard crop. Based on experimental data, it has been predicted that KNN
and ANN, the two approaches of ML used for the analysis, would be the most accurate techniques to predict mustard crop output.

Seireg et al. (2022) applied computer simulation software, using meteorological data from Maine, USA, to increase the
accuracy of the best traits for overcoming hunger difficulties. The wild blueberry dataset was used by researchers applying a new
combination of ML algorithms with stacking regression (SR) and cascading regression (CR). Four feature engineering selection
methods were applied, which include variance inflation factor (VIF), sequential forward feature selection (SFFS), sequential
backward elimination feature selection (SBEFS), and XGhoost based on feature significance (XFI). The optimal hyperparameters
for accurate wild blueberry yield prediction were found using Bayesian optimization. The SR is a two-layer structure; level-1 uses
a Ridge to predict output, and level-0 uses light gradient boosting machine (LGBM), gradient boost regression (GBR), and
XGBoost. The CR topology was implemented in series, removing the previous prediction at each step and using the new prediction
as a feeder to each ML algorithms.

Qiao et al. (2021) proposed an innovative 3-D convolutional neural multikernel network for predicting agricultural yield
from remote sensing data. It explores deep spatial-spectral properties from multispectral images and integrates intraimage and
intersample spatial consistency features using a technique of multikernel learning, where each feature is given a nonlinear kernel,
which presents a good domain adaptation. Using a kernel-based approach, the probability distribution of prediction outcomes is
obtained. The proposed approach has its advantages and can outperform the competing methods in terms of prediction
performance, according to experimental results.

Nischitha et al. (2020) discussed the issues of Indian agriculture, wherein the same crops are cultivated multiple times
and fertilizers applied in a random manner leading to low yields and degradation of soil. This paper employs ML algorithms to
predict which crop will grow well on a given plot based on the soil and meteorological conditions. It also explains the quantity,
type and content of fertilizers as well as seed needed in farming. The technique might help farmers decrease soil pollution, raise
incomes, as well as explore new kinds of crops.
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Sarkar et al. (2023) used PS imaging of standing soybean crops and ML algorithms to estimate six distinct soybean seed
composition features (i.e., protein, oil, sucrose, fiber, ash, and starch). Using temporal phenology seen from PS, we created a
multi-stream DNN that is based on two different recurrent neural network types:LSTM and gated recurrent unit (GRU). For
comparison, four statistical ML techniques were employed: SVM, GB machine, RF, and partial least squares (PLSR). In
comparison to textural traits, vegetation indices in later reproductive phases were determined to be the most significant factors
among the attributes.

Mamatha and Kavitha (2023) presented an innovative hydroponic system for germination where the organic coconut
coir becomes a growing medium, lieu of rock wool, which is hon-biodegradable and formed from volcanic materials. In their
study, they automate the hydroponic system on an industrial scale covering the whole greenhouse and aiding the cultivation of
various crops and under diverse climatic conditions. The system takes place in a stable environment of a greenhouse where crops
are grown under optimal and constant conditions designed for maximum vyield. The KNN algorithm is used in predicting the
growth rate of leafy vegetables. In such a case, it looks at the crop's development based on environmental differences.

Guo et al. (2023) have carried out an experiment on the Nanpi experimental station in Cangzhou, China. The experiment
included the capturing of multispectral and hyperspectral images simultaneously with the ground measurements of crop traits. The
target of the experiment was to identify the prospects of the image techniques employed in the estimation of chlorophyll meter
values, leaf area index, and maize grain yields' prediction. The authors compared and analyzed two-band (2D) vegetation indices
(VIs) and 2D textural indices (TIs) formed from the data. Utilizing correlation analyses, the authors found the sensitive spectral
wavelengths and compared the predictive capacities of these wavelengths and full hyperspectral spectra for estimating maize grain
yield. It employed five general ML techniques and five DL methods that use CNN. Hyperspectral images, particularly narrow
spectral bands, are proven to be very sensitive to chlorophyll meter values, LAI, and maize grain yields than multispectral images,
especially in high vegetation cover areas. In addition, using all the hyperspectral spectra improved the accuracy of predicting maize
grain yield as compared to applying VIs only on the identified sensitive spectral wavelengths. Among the selected VIs, those
models that have integrated RF regression RF and LightGBM obtained the highest accuracy in maize grain yield.

Razavi et al. (2024) used advanced data-driven approaches to examine the relationship between crop yields and Senegal's
geographic and spatiotemporal factors. The approach provides a thorough grasp of the variables influencing agricultural
productivity by identifying patterns and connections using correlation matrix analysis and clustering techniques. To find the best
hyperparameters and maximize the model's performance, four ML regressors are employed. Performance criteria are used to
choose the best models, and XGBoost and CatBoost outperform the other two. To address the scarcity of agricultural datasets, a
Variational Auto Encoder is used to incorporate synthetic crop data. The simulated samples improve model robustness and reduce
overfitting by achieving high similarity scores with real-world data.The method produces high-quality synthetic data and is
adaptable to other crops. Policymakers and farmers in data-poor areas can make better decisions thanks to the findings, which
provide insights into production determinants in important agricultural systems.

Nejad et al. (2022) suggested two designs for assessing agricultural products: 3D-CNN, skip connections, and
ConvLSTM Attention, and 2D-CNN, skip connections, and LSTM-Attentions. The second suggested approach fared better in
MAE than the others when the input data from MODIS products from 2003 to 2018 was compared with the most recent models.
The findings demonstrated that the second suggested approach performed better in MAE than other approaches.

Ziliani et al., (2022) integrated Leaf Area Index, LAI derived from a CubeSat, into the APSIM through a particle filter:
good yields are now achieved at resolution at near the end of season - weeks ahead of the perfect regression date. The algorithm
performs well within 21 days of the perfect regression date and is applied over a rain-fed maize field in Nebraska, USA. The
method, using satellite imagery, reduces the yield forecast error to 0.5 mg/ha and 0.2 mg/ha up to three weeks before the ideal
regression date from 1 mg/ha. This can help both with end-of-season yield forecasts and digital agriculture goals.

MirhoseiniNejad et al, (2024) proposed a soybean yield prediction model by combining the ideas of the vision
transformer (ViT), three-dimensional convolutional neural network (3D-CNN), and convolutional long short-term memory
(ConvLSTM). Multispectral remote sensing data are used to extract finer patterns from agricultural datasets. The superior
performance of the model resulted in better correlation coefficients and a smaller root mean square error value than that of current
techniques. ConvLSTM captures the dynamics of crop growth over time, while 3D-CNN extracts spatial information from
multispectral images. ViT applies self-attention mechanisms to enhance the features. The proposed solution can enhance crop
management decisions by significantly improving precision agriculture. Its application can be beneficial to sustainable farming as
it is able to help farmers create schedules for irrigation, and apply fertilizer in a more efficient manner with respect to resource
allocation. Because of its resistance under different circumstances, this model can be applied to a variety of crops and geographical
locations.

Shafi et al. 2023 presented a wheat grain yield prediction model employing three regression techniques: Least Absolute
Shrinkage & Selection Operator (LASSO) regression, RF, and Xtreme Gradient Boosting (XGB) regression. The model has been
applied to three wheat experiments conducted on different sowing dates and using drones with multispectral sensors. Crop
productivity was measured because this is a sensitive parameter regarding the seeding strategy. The performance in making
predictions at various crop growing stages is tested and examined using a range of performance evaluation metrics.

Paudel et al. (2021) attempted to predict crop yield with ML, but techniques might not be applicable across other crops
or regions. A large-scale agricultural production forecasting baseline by ML has been created through a study that combines
concepts of machine learning with those of agronomic crop modeling. Using crop simulation results, meteorological, remote
sensing, and soil information from the MARS Crop Yield Forecasting System, or MCYFS, database the baseline workflow
prioritizes: accuracy, modularity and reusability. Utilizing a standard set of input, the method can be used with repeated tests to
produce outcomes that are repeatable for multiple runs. With additional inputs from other data sources in the creation of more
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robust predictive features, and evaluating multiple ML methods, the baseline can be further improved upon.

Ayalew and Lohani (2023) proposed a ML approach to productive farming in Ethiopia by considering climate, crop
rotation, soil moisture content, and soil composition. The study uses RNN, LSTM, and SVM as DL techniques. To obtain
appropriate and efficient crop varieties, the model is integrated with ML techniques. Using DL techniques, the model becomes
better for different crop conditions. These results are important for local farmers, specialists, researchers, and agrarians in low-
to-middle-income nations to make better decisions regarding agriculture and climate change and optimize crop yield. The study
further brings out how sustainable farming methods are important and wise methods of water use and forecasting necessary for
higher agricultural yields.

V1. APPLICATIONS OF FEDERATED LEARNING IN IOT-ENABLED SMART AGRICULTURE

FL is one of the increasingly popular 1oT-enabled ideas in smart agriculture that enhance crop production prediction and
decision-making. Below are some well-known publications addressing this context that have both its implementation and use
cases.

Mughal et al. (2024) introduced a new architecture which makes use of multi-edge clustering and Al-driven node
communication. It is named Multi-Edge Clustered and Edge Al Heterogeneous Federated Learning (MEC-AI HetFL). This
architecture optimizes global learning tasks with minimal complexity and dynamically chooses important nodes, allowing the
cooperation of edge Al nodes. MEC-AI HetFL improves resource allocation, quality score, and learning accuracy by up to five
times more than other solutions, such as EdgeFed, FedSA, FedMP, and H-DDPG, in heterogeneous and distributed environments.
Simulations and network traffic tests confirm that the solution can handle the main obstacles in 10T edge computing deployments.

Idoje et al. (2023) discussed the federated learning implementation in smart farming on the basis of the application of
the Federated Averaging model for crop classification. Climate parameters were considered as the independent variables and crop
types as labels. This work applied decentralized ML models for the prediction of yields in chickpea crops. Their experiments
showed that, for the learning rates 0.001 and 0.01, with SGD and Adam optimizers, the model converged well. What is more, the
model trained using Adam optimizer converged faster than that trained using SGD, and it reached its convergence after 100
epochs. An analysis of farm data has shown that decentralized models performed better than centralized network models by both
convergence speed and predictiveness.

Li et al. (2024) proposed a new technical approach that reduces data heterogeneity in agri-food data by using network
pruning on client models and aggregating pruned models. This enables local models to be tailored to their specific data
distribution. It is also possible to have more compact models that use less data during transmission. This method was tested using
a dataset for estimating soybean yields, and it improved inference performance. Future developments could make it more
sustainable and applicable by further optimizing distributed learning in agri-food.

Aldossary et al. (2024) proposed an loT-based hybrid model of smart agriculture that integrates the algorithms of Al
and (ML) to make decisions reliable and cost-effective. The model recognizes anomalies in the dry bean dataset using Multilayer
Perceptron (MLP), NB, and SVM. For anomaly identification, hybrid models like SVM, RF, and neural networks are explored.
DL models like MobileNetV2, VGG16, and InceptionV3 are used to classify soil types. Hybrid models with impressive accuracy
are obtained by combining VGG16 with completely connected dense layers and InceptionV3 with LSTM.

Jaliyagoda et al., (2023) investigated the 10T applications in smart agriculture and especially focused on how to address
the issue of a lack of real-world training data. The two main objectives of the study are the production of low-cost 0T components
and the evaluation of their potential to generate real-time experimental data both with and without plants. Basic polytunnels were
converted into semi-controlled, monitoring-only systems by using locally produced IoT devices. Performance was analyzed using
consistent tomato varietals and agronomic techniques. These demos show how effective the system is and offer opportunities for
both commercial and scientific smart farming applications.

Islam et al., (2023) unveiled a cutting-edge Internet of Things gadget that tracks soil nutrients and makes precise crop
recommendations using ML. The gadget gathers data on temperature, humidity, nutrient levels, soil composition, and wetness
using sensors such as FC-28, DHT11, and JXBS-3001. The MQTT protocol is used to send the data to a server. Based on crop
needs and soil nutrients, ML algorithms evaluate the data to produce personalized suggestions, such as lists of high-yielding crops
and fertilizer names and dosages. Customers can use a mobile app to evaluate the quality of produce because the data is kept in a
database.Field tests are used to analyze the system's efficacy, showing that it may enhance soil nutrient management, help
consumers make educated decisions about crop fertilizers, and evaluate crop quality.

Bregaglio et al. (2023) introduced a novel approach to sub-regional yield forecasting based on crop models using RS
time series data. The goal is to drive crop model calibration by utilizing the agricultural landscape's heterogeneity as seen from
RS. The study derives 8-day MODIS NDVI time series data from Apulia, Tuscany, and VVeneto in 2018-2019 using crop calendars
and fine-resolution maps of the spread of barley and maize. Agrophenotypes are identified using Principal Component Analysis
and Hierarchical Clustering, from which crop growth and leaf area index dynamics are derived. Gridd weather data is used as
input to optimize the WOFOST_GT maodel. To describe agricultural variation across 22 NUTS-3 administrative units, parameter
distributions from many automatic calibrations are sampled. The correctness of the yield simulation is tested using yield statistics
from the Italian National Institute of Statistics as reference data.

Dey et al. (2024) presented a methodology for predicting crop yield that is based on edge computing and the Internet of
Things. As the edge device, we have employed a fifth-generation network device known as a femtolet. A tiny cell base station
with a lot of storage and processing power is called a femtolet. The sensor nodes gather environmental and soil data, which are
subsequently transmitted to the femtolet via microcontrollers. After retrieving weather-related data from the cloud, the femtolet
uses Bi-LSTM to handle both sensor and weather-related data. Following data processing, the femtolet uploads the produced
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outcomes to the cloud. To determine which crop would be best for his or her land, the user can view the results from the cloud.
When compared to the most advanced crop yield prediction frameworks, it is found that the proposed framework offers superior
accuracy, precision, recall, and F1-score.

Alebele et al. (2021) proposed the Gaussian kernel regression for the estimation of rice yield using optical and SAR
imaging with very less ground truth data. This paper was focused on determining how Sentinel-2 vegetation indices and Sentinel-
1 interferometric coherence data could be used together to estimate the rice grain yield using Gaussian kernel regression. Bayesian
linear inference and probabilistic Gaussian regression have been outperformed by the Gaussian kernel regression. The results
suggest a necessity to combine optical indices with satellite interferometric coherence for crop yield mapping through Gaussian
kernel regression.

Mitra et al. (2024) used the ML approach to predict yield with fertilizer inputs, cultivars, soil diversity, and climate
change incorporated into the model. In order to reduce the computations, the summation of heat for each of the
experimental data set was adopted to mimic as a proxy for time-series weather data. Hence, the models explored include a neural
network, MLR, Light Gradient Boosting Machine, RF and SVR. To make a better model that is free from overfitting, cross-
validation was performed. The results illustrate how a simple and dependable model can be developed and used to support climate-
smart initiatives for cotton.

Ali et al. (2024) showed the application of ML techniques, plot detection model, and UAV-based multispectral
photography to predict the field scale wheat grain yield. The MicaSenseRedEdge-P camera took many weeks' multispectral data
over it. All agronomic data were recorded manually; meanwhile, the portable phenotyping tools were utilized for in-situ collection
of the ground truth on the indices of vegetation. Field-scale wheat plot detection was done using the YOLOV8 detection model.
Prediction of wheat grain yield was done by the use of NDVI, NDRE, and G-NDVI data by four ML algorithms: DT, RF, GB,
and extreme GB (XGBoost). With an R2 value of 0.90 and an RMSE of 43 g/p for NDVI data, the RF method fared better than
the other models in predicting developmental stages. For NDRE data, DT performed much better compared to other models while
for G-NDVI data GB displayed the highest predicted accuracy. These further points out possible applications to precision
agriculture.

Authors Techniques Findings Issues
name

Salametal., FMIG-RFE, The integration of FMIG-RFE and Difficulty in identifying significant
(2024) COA, K- ICOA proved effective in addressing | features for crop yield prediction using

means the complexities of feature selection SVR maodels, Inefficiency in manual
clustering, and SVR hyperparameter hyperparameter tuningfor SVR.
SVR optimization.
Aldossary et MLP, SVM, loT-enabled models improved Difficulty in identifying crop diseases and
al., (2024) LSTM monitoring and decision-making, pest infestations using conventional
reducing resource wastage. techniques.
Alietal., XGBoost, GB, Utilizing Unmanned Aerial Vehicle Traditional methods of gathering
(2024) RF, DT (UAV) multispectral imaging agronomic data are time-consuming and
provided efficient, high-throughput labor-intensive.
data collection
over large field areas.
Hu et al., XGBoost, effectively captures nonlinear Difficulty in understanding climate
(2023) SVM, RF relationships between crop yield and variables and crop yields.
climate variables while maintaining
high interpretability.

Kuradusenge SVM, RF, PR | Optimal Weather Conditions for Crop Early information on expected crop
,etal., Yields, Provides insights for production is essential for farmers to plan
(2023) agricultural planning. and mitigate risks associated with climate

variability.
Idoje et al., SGD a viable solution for crop In smart farming, data is often distributed

(2023) classification in smart farm networks, across various locations, making
addressing data privacy concerns and | centralized data collection challenging
enhancing model performance and inefficient.

Qiao et al., KTMA, 3D- The dynamic and nonlinear spatial- | Depends on high-quality, comprehensive
(2023) CNN temporal correlations present in crop | datasets and includes relevant spatial and

growth are well temporal

captured by the model. variables.
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Shafi et al., XGB, RF, offer farmers and agronomists Lack of Studies on Temporal Crop

(2023) LASSO insightful information that helps them | Growth. Examines impact of different
make wise crop sowing dates on
management decisions. yield.
Priyatikanto DNN, RTNN, ML models, especially those using Increased source-target domain
et al., (2023) DANN, domain adaptation techniques, can |divergence affects model performance and
KLIEP predict maize yields reliably. challenges in predicting yields in data-
poor regions.

Ayalew, and LSTM, RNN, a significant improvement in Challenges in automation adoption,
Lohani, SVM, ANN forecasting and predicting crop yields | including system implementation and
(2023) compared to previous methods, farmer training, could hinder

offering a more reliable system for
farmers

effectiveness.
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VII.CONCLUSION

This review is centered on the transformative potential of federated learning in revolutionizing crop yield prediction and
smart agriculture practices. Agricultures are increasingly being demanded to increase their productivity and sustainability, and FL
is providing decentralized solutions to answer key challenges namely privacy, heterogeneity, and computational efficiency. FL
guarantees privacy and security by keeping the data on local devices or farms, rather than sharing sensitive information across
platforms. This decentralized approach is very important for agricultural settings; since data is collected from different sources,
including sensors, drones, and loT devices, which might vary in terms of quality and format. Integration of FL with Internet of
Things (1oT) technologies has made great stride in the crop classification anomalies, yield optimization fields, and the integration
of several techniques in acquiring data utilizing UAV, along with ML algorithms like RF and XGBoost and DNN, increases
prediction accuracy in crop health, yield, and forecasting capabilities. These innovations have enabled farmers to make informed
decisions based on data thus optimizing crop management and resource allocation among other essentials of sustainable
agriculture. Adoption of FL in agriculture notwithstanding has its own set of challenges.

Although FL does help to alleviate the data privacy concerns, it still requires handling diversities of environmental and
operational characteristics. Variations in climate, soil types, and farming practices may make model training difficult. Also,
communication overhead, the need for standardization, and model interpretability need to be addressed for broader adoption.
Innovations like energy-efficient systems and multi-edge clustering are crucial to overcoming these barriers, making FL more
applicable in real-world agricultural settings. The futureshould focus on further research enhancing FL model robustness, adoption
of novel advanced feature selection techniques and extensive use in the implementation of smart agriculture in other regions and
other types of crops. Integration of FL with 10T forms a sustainable approach for guaranteeing food security all over the globe
and in making more strides towards precision agriculture
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