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Abstract: Smart farmland is getting better with the help of smart sensor networks that collect real-time data about the 

environment, like CO2 levels, temperature, and humidity. These continuous data streams allow predictive analytics to 

help crops grow better, but sensor readings that aren't full often make models less accurate, so they need effective ways 

to fill in missing data and make predictions. A Spark object is used to handle big amounts of data and make distributed 

computation easier for the Smart Farming Data 2024 (SF24) dataset, which is made up of multivariate time-series 

measurements from agricultural sensors. Conventional Long Short-Term Memory (LSTM) models often have trouble 

with missing or corrupted data, which makes it hard to predict crop growth accurately. To get around these problems, 

the FICformer method combines fuzzy Bayesian imputation with an encoder–decoder architecture based on 

transformers. The imputation part fills in missing sensor data using Bayesian calculations and fuzzy estimates to make 

sure the data is full and accurate. A dimensional temporal attention method is used to find correlations and dependencies 

between variables over time, and a pooling layer cuts down on duplicate data and computation time. To improve 

efficiency, hybrid and stacked configurations were made by putting together FICformer with GRU and Bidirectional 

GRU layers. The Stacked Former configuration got an RMSE of 2.746549%, which shows that it was very good at 

making predictions and did better than baseline LSTM, FICformer, and hybrid methods for smart agriculture systems. 

“Index Terms: Agricultural Big Data, cross-attention transformer, decision support system (DSS), deep neuro-fuzzy 

technology, interpretable missing imputation.”

1. INTRODUCTION 

The fast growth of digital technologies has changed 

modern farming by making it easier to handle 

resources and production processes more accurately 

and efficiently. Decision support systems (DSSs) 

have become very important in this situation 

because they turn complicated farming data into 

useful information that can be used right away [1]. 

DSSs help with timely actions that can increase 

yield, lower resource waste, and improve 

sustainability [2]. They do this by using knowledge 

about the environment, climate, and crops. Adding 

Big Data analytics to farming DSSs has made it 

easier to model how many factors interact with each 

other in complex ways. This makes it possible to 

make more accurate predictions about the 

environment and make better decisions ahead of 

time [3]. These skills are becoming more and more 

important as the world faces problems like changing 

climates, pest attacks, and a greater need for food 

security. 

Even with these improvements, it will be hard to use 

DSSs effectively in agriculture because the 

environment is always changing and data collection 

isn't always full. A lot of the time, agricultural 

datasets have items that are missing or noisy, which 

can make predictive models and decision outputs 

less accurate and reliable [4]. Many traditional 

methods depend on having all the data they need, 

which makes them less reliable and useful in the real 

world [5]. Also, current prediction methods have a 

hard time capturing the complicated, nonlinear, and 

changing connections between different 

environmental and crop factors [6]. So, we really 

need methods that can deal with uncertainty, fill in 

the blanks when information is missing, and give us 

solid information in farming settings with many 

factors [7]. 

The study's goal is to fix these problems by creating 

a full framework for predictive modeling in smart 

agriculture that takes into account both missing data 

and unknowns in the environment. The main goal of 

the study is to make agricultural DSSs easier to 

understand and more reliable so that they can give 

good advice in a variety of situations. The 

framework aims to improve the quality of decisions 

while making the best use of existing agricultural 

data [8] by combining advanced prediction 

strategies with uncertainty modeling. The goals 

include making predictions that are more accurate, 
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making sure that all the data is available, and letting 

people make smart decisions about a wide range of 

environmental and crop-related issues [9]. The 

method is meant to be scalable and flexible so that it 

can be used with a lot of different agricultural 

datasets and uses. 

The importance of this work lies in its potential to 

make current farming methods more reliable, 

efficient, and long-lasting. The suggested 

framework can give stakeholders the power to make 

proactive, data-driven decisions that make the best 

use of resources, lower risks, and boost crop 

production [10]. It does this by dealing with both 

missing data and uncertainty. The method also lays 

the groundwork for more study into smart 

agriculture, especially when it comes to combining 

advanced decision support systems with multifactor 

environmental analysis. In the end, this work helps 

reach the bigger goal of making agriculture a 

stronger, smarter, and more sustainable industry. 

2. LITERATURE REVIEW 

Recent improvements in environmental and 

agricultural systems that are driven by data have 

made it clear how important it is to use correct data 

imputation and predictive modeling. Adhikari et al. 

[11] did a thorough review on how to fill in missing 

data in Internet of Things (IoT) apps, focusing on a 

number of statistical and machine learning-based 

methods. Their work showed how important it is to 

have strong methods that can deal with different and 

incomplete datasets, but these methods are still not 

very useful for studying complex natural systems. 

Chen et al. [12] suggested a Laplacian convolutional 

representation for traffic time series imputation that 

showed better stability over time and lower 

prediction error. However, the method is mostly 

used for structured traffic data and might not work 

well in multifactor farming settings. Peis and 

Hernández-Lobato [13] created deep hierarchical 

models that work with Hamiltonian Monte Carlo to 

fill in missing data, which allows for probabilistic 

uncertainty estimates. Even though this method is 

sound in theory, it can be hard to use on big 

agricultural datasets because it requires a lot of 

computing power. 

In the field of environmental forecasting, Li et al. 

[14] created an encoder-decoder model with residual 

learning to predict soil wetness, which was much 

more accurate than previous methods. He et al. [15] 

also showed that gated recurrent unit (GRU) models 

are better at predicting low greenhouse temperatures 

using local weather data than other machine learning 

methods. This shows how important temporal 

modeling is. Liu et al. [16] looked into long short-

term memory (LSTM) networks for predicting 

greenhouse gas emissions and proved that they are 

good at recording how things change over time. 

Even though these studies make big steps forward in 

predicting the environment, they often rely on full 

datasets, which makes them less reliable when data 

is missing or only partially observed, which is 

common in farming systems. 

A number of studies have looked at multifactor 

agricultural uses and how to represent features. 

Kong et al. [17] suggested a multi-stream hybrid 

design with cross-level fusion to recognize fine-

grained crop species. This would improve the 

accuracy of classification and the use of features. 

Wen et al. [18] used Big Data-driven time series 

prediction networks to make predictions about the 

sea environment. This showed how useful 

multivariable predictive models can be for complex 

ecological data. Wang et al. [19] created deep fuzzy 

cognitive maps for predicting multivariate time 

series in a way that can be understood. These maps 

combine uncertainty modeling with good prediction 

performance. These studies improve how features 

are shown and how they can be understood, but they 

ignore the problem of missing data and interactions 

between multiple factors, which can have a big 

effect on the accuracy of decision support in smart 

agriculture. 

Even with these improvements, current methods still 

have major problems when it comes to dealing with 

incomplete datasets, simulating relationships 

between multiple factors, and figuring out how 

much uncertainty there is in real-life agricultural 

settings [20]. Most methods either focus on 

predicting the future or extracting features, but they 

don't fully incorporate uncertainty modeling and 

filling in missing data into a cohesive framework for 

prediction. This study aims to fill in that gap by 

creating a complete method that can deal with 

missing data, identify multifactor relationships, and 

make farming decision support systems easier to 

understand and more reliable. By filling in these 

gaps, the suggested work aims to make predictions 

more accurate and give strong, data-driven insights 

for smart farming uses. 

3. MATERIALS AND METHODS 
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Using real-time data from smart agricultural sensors, 

the suggested system aims to improve the ability to 

predict crop growth. The Smart Farming Data 2024 

(SF24) dataset includes readings for temperature, 

humidity, and CO₂ levels, among other things. It is 

loaded and processed using a Spark-based 

distributed system that works well with large 

amounts of data. To fix sensor values that are 

missing or incomplete, a fuzzy Bayesian imputation 

module is used. This module combines matrix 

factorization and time-varying vector auto-

regression. It uses fuzzy inference and Bayesian 

estimates to rebuild data while keeping it easy to 

understand. The FICformer algorithm is used for 

forecasting. It combines a transformer-based 

encoder–decoder model with a dimensional 

temporal attention mechanism and a pooling layer to 

find correlations between variables and over time 

while cutting down on unnecessary information. 

Also, hybrid and stacked setups that use both GRU 

and Bidirectional GRU layers improve feature 

extraction, sequential learning, and the stability of 

convergence. This method makes sure that crop 

growth predictions are correct, strong, and take into 

account the situation. It also helps smart, data-driven 

farm management make good decisions. 

 

Fig.1 Proposed Architecture 

Collecting environmental data, preprocessing it, and 

making predictions are all built into the system 

design to help farmers make smart decisions. It 

collects information about many aspects of 

agriculture in a planned way, such as climate, soil, 

and crop conditions. It then uses data imputation to 

fill in empty values. Advanced predictive modules 

in the design take into account the temporal and 

dimensional relationships between factors, which 

allows for accurate forecasting and decision support. 

Also, the uncertainty modeling and feature 

extraction parts make the results easier to understand 

and more reliable. This means that you can get 

useful, data-driven ideas for improving crop 

management and resource use. 

a) Dataset Collection: 

The Smart Farming Data 2024 (SF24) dataset, which 

is open to the public, will be used in the proposed 

study. This dataset has about 50,000 samples that 

were gathered by smart field sensors that were put to 

use in real-time farming settings. There are many 

environmental factors in each record, like 

temperature, humidity, CO2 levels, soil moisture, 

and light intensity. There are also goal labels that 

show how the crop is growing. The data set shows 

continuity over time, showing how the environment 

changed over the course of different cultivation 

stages. It has lost and inconsistent records because 

of sensor problems and transmission delays, but this 

makes it perfect for testing imputation and 

forecasting algorithms. SF24 is a freely available 

agricultural dataset that gives a more complete and 

high-resolution picture of smart farming conditions. 

This makes it possible to test how well predictive 

models work and how accurate decision-support 

models are in data-driven agriculture. 

 
Fig.2 Dataset Collection 

b) Pre-Processing: 

Preprocessing is an important part of smart 

agriculture data analysis because it makes sure that 

the data is correct, full, and consistent. This 

improves the accuracy of predictions, the stability of 

models, and the dependability of decision-support 

systems that come after. 

Data Cleaning: In this step, items in the collected 

sensor data that are missing, inconsistent, or not 

relevant are found and either deleted or fixed to 

make sure the dataset is complete. This process fixes 

mistakes that happen because of broken sensors, 

slow transmissions, or noise in the surroundings. 

Cleaning the data is important to improve the quality 

and reliability of future models, lower bias, and stop 

mistakes from spreading in predictive analyses. 

Smart farm systems need a clean dataset in order to 

make accurate predictions and help people make 

good decisions. 

Missing Data Imputation: Fuzzy Bayesian 

imputation and other advanced methods that take 
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into account temporal and multivariate relationships 

are used to reconstruct incomplete records. This 

process makes sure that the dataset is full, that the 

statistical properties and correlations are kept, and 

that sparsity doesn't hurt the performance of the 

model. Imputation improves the accuracy, 

interpretability, and robustness of agricultural 

decision-support forecasts by making sure that all 

inputs are fully informative. 

Normalization: Normalization changes the sizes of 

all the input features to be in the same range. This 

makes it less important for feature sizes to be 

different when training a model. This step is very 

important in places with many sensors that record 

things like temperature, humidity, and CO₂ levels 

that use different units and scales. Normalization 

correctly makes sure that each feature adds equally 

to the learning process, speeds up convergence 

during training, and stops larger variables from 

dominating, all of which improve model stability 

and forecasting accuracy. 

c) Training and Testing: 

To get a good picture of how well the prediction 

works, the dataset is split into training and testing 

groups. About 80% of the data is used to train 

models, which helps algorithms figure out the 

patterns and connections between environmental 

factors. The last 20% is set aside for testing, which 

gives a neutral look at how accurate forecasting is on 

data that hasn't been seen yet. To figure out how big 

prediction errors are, performance measures like 

RMSE, MAE, and RSE are used. This methodical 

approach makes sure that the model can be used in a 

wide range of real-world farming situations and is 

reliable and strong. 

d) Algorithms: 

Existing LSTM: The Long Short-Term Memory 

(LSTM) model is used to find temporal relationships 

in sensor data from farming systems. Based on 

readings of the environment from the past, it learns 

sequential trends that help it predict crop growth. It 

can model time-series data, but it has trouble with 

datasets that aren't full or are noisy, which makes it 

less accurate. LSTM is used as a starting point to 

compare more complex algorithms. It makes initial 

predictions and shows how standard recurrent neural 

networks fail when dealing with missing data and 

complicated multivariate dependencies. 

ℎ𝑡 = 𝜎(𝑤𝑜 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) ∙ tanh(𝐶𝑡)        (1) 

Proposed FICFormer: Fuzzy Bayesian imputation 

and a transformer-based encoder–decoder 

architecture are used together in FICFormer to 

improve crop growth forecasts. The fuzzy Bayesian 

module fills in missing or inconsistent sensor data, 

and the dimensional temporal attention system finds 

connections between variables and between time 

periods. A pooling layer cuts down on duplicate data 

and computer work, which lets you make more 

accurate guesses. This model makes it easier to 

understand, more reliable, and more scalable. It also 

does a much better job than regular LSTM at 

handling big, multidimensional agricultural 

datasets. 

Hybrid Former: The Hybrid Former combines 

ICFormer with a GRU layer to improve feature 

extraction and learning from time sequences. This 

mix finds deeper dependencies in multivariate time-

series farming data, which makes forecasting more 

stable and accurate. By using the best features of 

both transformer attention and recurrent 

architectures, it improves accuracy, cuts down on 

errors, and allows for adaptive modeling to adapt to 

changing environmental conditions. This makes 

crop growth forecasts more reliable even when 

sensor inputs change. 

Stacked Former: To get the best forecasting results, 

the Stacked Former architecture blends FICFormer 

with Bidirectional GRU and GRU layers. It takes 

into account complicated links between variables 

and over time, allowing for very accurate and low-

error predictions of crop growth. Multi-layer 

learning is used in the stacked arrangement to 

improve feature extraction, convergence, and 

robustness. When compared to other methods, this 

model is more accurate, giving trustworthy data-

based information to help farmers make smart 

decisions. 

4. EXPERIMENTAL RESULTS 

RMSE: Root mean square error (RMSE) is a way to 

find the average difference between what a 

statistical model said would happen and what 

actually happened. It is the standard deviation of the 

residuals in math terms. The residuals show how far 

away the regression line is from the data points. 

𝑅𝑀𝑆𝐸 = √
∑ ||𝑦(𝑖) − 𝑦̂(𝑖)||2𝑛

𝑖=1

𝑁
    (2) 

MAE: Absolute Error is the amount of mistake 

when you measure something. It's the difference 

between what was recorded and what was "true." To 
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give you an example, if the scale says you weigh 90 

pounds but you know you really weigh 89 pounds, 

the scale is off by 1 pound. 

𝑀𝐴𝐸 =
1

𝑛
 ∑|𝑦𝑖 − 𝑦̂𝑖|

𝑛

𝑖=1

   (3) 

RSE: A simple predictor, like the mean of the true 

values, is used to compare the total squared error of 

a forecast model to the RSE. 

𝑅𝑆𝐸 =
∑ (𝑦𝑖 − 𝑦̂𝑖)

2𝑛
𝑖=1

∑ (𝑦𝑖 − 𝑦̅𝑖)
2𝑛

𝑖=1

     (4) 

Table.1 Performance Evaluation Table 

Algorithm 

Name 

RMSE MAE RSE 

Existing 

LSTM 

5.770100 4.997517 0.998103 

Proposed 

FICFormer 

4.338638 3.081271 0.564307 

Hybrid 

Former 

4.185052 3.007409 0.525062 

Stacked 

Former 

2.746549 1.390214 0.226143 

RMSE, MAE, and RSE are used in Table (1) to 

compare the results of models. The Stacked Former 

has the lowest mistake rates and is more accurate at 

predicting than the LSTM, FICFormer, and Hybrid 

Former. 

Fig.3 Comparison Graph 

 
The comparison graph in Fig.3 shows the RMSE, 

MAE, and RSE values for each model. It is clear that 

the Stacked Former does better than the LSTM, 

FICFormer, and Hybrid Former by making the most 

accurate predictions. 

 

Fig.4 Upload a CSV File 

 
Fig.5 Predicted Result 

 
Fig.6 Proposed Model Performance 
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Fig.7 Extension Model Performance 

5. CONCLUSION 

Lastly, combining advanced machine learning 

frameworks with smart agricultural sensing creates 

an environment that is very flexible for planning 

how to handle crops in the future. Using a Spark 

object to process the Smart Farming Data 2024 

(SF24) dataset makes it easier to handle big amounts 

of data and do distributed computations for training 

and testing models. Traditional LSTM-based 

forecasting had a lot of problems because sensor 

records weren't full and time wasn't well 

represented. To fix these problems, the suggested 

FICformer algorithm uses fuzzy Bayesian 

imputation with a transformer-driven encoder–

decoder framework to fill in missing data and make 

the model easier to understand. The fuzzy Bayesian 

part uses probabilistic reasoning and fuzzy inference 

to correctly find missing sensor readings. The 

dimensional temporal attention system, on the other 

hand, sees how variables and time depend on each 

other. Adding a pooling system cuts down on 

duplicate work and computer time without affecting 

accuracy. Furthermore, hybrid and stacked designs 

with GRU and Bidirectional GRU layers showed 

significant progress. The RMSE for the Stacked 

Former configuration was 2.746549 percent, which 

shows that it is reliable and accurate for smart farm 

forecasting. 

This system can get better at predicting and 

analyzing the future by incorporating more 

multimodal data sources, like satellite images, 

tracking drones, and sensors that measure soil 

nutrients. Using models for explainable artificial 

intelligence (XAI) can make decision-making even 

more clear and trustworthy for users. In the future, 

improvements could include real-time deployment 

using edge computing for research on the field and 

adaptive learning models that can change as the 

seasons and weather do. Adding blockchain 

technology could also make sure that everyone 

sharing data does so safely. This would create an 

open, data-driven environment for precision 

agriculture and long-term food management. 
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