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Abstract 
Early crop yield prediction is crucial in smart agriculture for making administrative plans to post-harvest management and distribution of a crop. Crop yield prediction is crucial for global food security yet challenging due to multitudinous factors that jointly determine the yield, including genotype, environment, management, and their complex interactions. The proposed model is a multi-crop yield prediction. Initially, data was collected from CropNet dataset for Contextual data and image based on crop yield prediction. The data Pre-process will be done using atmospheric correction, cloud masking, and temporal harmonization. Contextual data preprocessing will be done using z-score normalization, missing value imputation. Following that, feature extraction model for spatial feature extraction for multi-scale dilated Convolutional Flatten Spatial attention based GhostNet (MDC-FSG) and temporal feature extraction for Progressive Temporal Convolutional Relative Transformer Network model (PTC-RTN) are performed. After that, the feature fusion model for coordinate Convo block attention-guided feature fusion module (CCA-GFF) integrated with the contextual feature with satellite derived representation. Furthermore, the optimization algorithm namely Cellular Automata based Successive Optimizer (CA-SO) is employed to optimize network hyper parameters and fusion weights in both extractors. Finally, a regression head based deep network (RHDN) predicts crop yield that provides better accurate results. Extensive experiments have been carried out on CropNet and attained better performance enhancement including, MSE of 0.11743, MAE of 0.3263, RMSE of 0.3426, RAE of 0.0009 and Theil_U analysis for 0.00033 of precision on the CropNet dataset, and it outperformed all other current MMA frameworks. 
Keywords: Crop Yield Predictions, Multi-Model Data, Spatial Attention, Temporal Attention, Cellular Automata. 
I. Introduction
The ongoing improvements in the fields of acquisition, storage and processing of image data such as the further progress of analytical methods provide numerous opportunities for purposeful application scenarios [1]. At the core of AI in agriculture is the capacity to draw pertinent insights from large volumes of data. Using smart sensors, data analytics and ML algorithms farmers might take decisions in real time [2]. Traditional methods used for disease detection and localization take a lot of time and require many people to be involved in the process [3]. Unmanned aerial vehicle (UAV) use has been growing quickly in the agriculture industry lately. A variety of camera sensors, including multispectral, hyperspectral, red, green, and blue, may be installed on a UAV platform [4]. The agriculture system is made more useful by using data analytics and machine learning. These technologies are highly beneficial across several fields [5].

Crop yield is determined by a number of variables, making it difficult to create an accurate forecast model using conventional methods [6]. Pre-harvest crop yield forecast is critical for making and planning a variety of policy decisions [7]. The main issue in agriculture today is to support current and future generations by maximizing agricultural production while safeguarding the environment [8, 9]. Machine Learning (ML) is a new technique that helps farmers reduce farming losses by offering detailed crop recommendations and statistics. The primary idea is to use ML models to increase agricultural sector productivity. The ML models are used to analyze agricultural yields [10]. 
Because remote sensing data can provide spatially transparent, time-resolved information, it has become essential for agricultural applications such as crop yield estimation [11]. Crop yield estimation has made extensive use of deep learning (DL) models because of their capacity to capture both linear and nonlinear correlations between yield and distant sensing variable [12]. Multimodal deep neural network (AMDNN) that combines weather data and multispectral imagery collected by UAVs during the cotton reproductive stage to provide high spatiotemporal accuracy preharvest yield predictions, which is crucial for precision agriculture [13]. The majority of the data used to create these bare soil maps came from landset images, which had a spatial resolution of only 30 meters, making it difficult to support practical decision-making, particularly for some small and fragmented portions of southern China's fields [14-15]. 
The motivation for using multi-temporal satellite data in precision agriculture for crop yield prediction stems from the need for enhanced food security, economic stability, and sustainable farming by overcoming limitations of traditional methods, enabling early risk mitigation, optimizing resource use (water, fertilizer), and providing granular, timely insights into crop health and growth patterns throughout the entire season. This approach leverages the spatio-temporal and spectral information from satellites (like Sentinel-2, MODIS) combined with machine learning to achieve higher accuracy than single-point or less frequent data, addressing challenges posed by climate change and diverse farm management. Multi-temporal data captures crop development (phenology) across the growing season, providing a richer dataset than static or infrequent ground surveys. Integrating spectral bands (crop health), spatial context (field variability), and temporal sequences (growth stages) with advanced models (CNNs, Random Forests) significantly boosts prediction accuracy. The paper main contribution are given below, 
i). To present multi-scale dilated Convolutional Flatten Spatial attention based Ghosted for extracting spatial features.
ii). To implement Progressive Temporal Convolutional Relative Transformer Network for capturing long-range crop growth dynamics without recurrent mechanisms.
iii). To design a Cellular Automata based Successive Optimizer for optimizing network hyper parameters and fusion weights in both extractors.
The following sessions represents the overall structure of this research paper. Session 2 as the related works and drawbacks are presented. Session 3 as the methodology session with                            architectures. Session 4 as the result and discussion of proposed and existing methods and session 5 concludes the research paper with future directions.
 2. Related Work 
In [16] proposed transformer based multimodal crop yield prediction. The suggested approach was collected the data from Telangana crop health challenge which contains 10,037 information. In this approach, the AgriTransformer was employed which contains embedding layers, cross-modal attention and fusion and prediction layer. This approach had lowest MSE of 2.598 and R-square of 0.919. This suggested that attention mechanisms required careful tuning to achieve optimal model effectiveness.
crop yield prediction using transformer approach with weighted loss based 3-tier feature learning was discussed in [17]. The 3-tier feature learning integrated spiking neural network (SNN), Graphical neural network (GNN) and convolutional neural network for feature extraction. Then the hyper parameter of the classification model was fine-tuned using self-adaptive spider monkey optimization algorithm. The approach provided lowest MSE of 0.3002 and maximum accuracy of 97.68%. However, the model faced limited interpretability issues this will affect the model decision-making.  
In [18] introduced Bi-GRU based crop classification. The suggested approach pre-processed the input image by removing the noise and blurring the edges using Gaussian filtering. Then the improved spider local image feature, median binary pattern and haralick texture features were extracted from the pre-processed image dataset by utilizing the map-reduce framework. Then the hybrid Bi-GRU with CNN based approach was employed for crop classification which attained MCC of 91.47%.  The suggested model possessed over-fitting issues which may increase the model training time.   
Deep neural network based crop yield prediction was proposed in [19]. The suggested approach employed omdena dataset. The suggested approach employed long short term memory (LSTM) and recurrent neural network for accurate classification which attained maximum accuracy of 88.6% and precision of 89.2%. The suggested approach captured temporal relationships in time series data and stored long term data for accurate crop yield prediction. The model had poor image quality can significantly degraded model performance.
The deep learning model based on crop mapping by multi-temporal sentinel-2 data and red-edge vegetation indices are presented in [20]. Implemented 2D CNN-RNN model hybrid for crop yield prediction to handle more complex remote sensing data. In this method use for a dataset in large scale Sentinel-2 datasets, addressing the challenges of scalability and data complexity. The 2D CNN RNN model achieve an accuracy value by 99.12% for that effectively capture the structure and boundaries. Furthermore, this method increases the computation complexity cost for yield prediction. 
In [21] proposed transformer based multimodal crop yield prediction, however, that attention mechanisms required careful tuning to achieve optimal model effectiveness. [22] published crop yield prediction using transformer approach with weighted loss based 3-tier feature learning, however, this model possessed over-fitting issues which may increase the model training time. [23] used an advanced Bi-GRU model based crop yield prediction, furthermore, in this model possessed over-fitting issues which may increase the model training time. deep neural network based crop yield prediction proposed in [24], poor image quality can significantly degrade model performance. The deep learning model based on crop mapping using multi-temporal sentinel-2 data and red-edge vegetation indices are presented in [25]. This method increased the computation complexity cost for yield prediction. 
III.Proposed AI Structure for crop yield prediction
Most of the existing research has developed crop yield prediction using complex deep learning structure. However, these models often suffer from increased computation complexity, poor real-time performance and overfitting issue. Therefore, this research aims to design a low complexity AI Framework which improves the real-time applicability while maintaining accurate crop yield prediction. The overall workflow shown in figure 1. 

 
Figure 1: Overall workflow diagram
      Initially, data was collected in the CropNet dataset in satellite image and Contextual agriculture data for crop yield prediction. The satellite data provided an information about crop growth condition through variables are soil, weather, crop type, management practices, and contextual data for harvest flag, nutrient index, pest_disease_risk, postharvest_loss_risk, rainfall mm, soil_ph_est, soil_salinity_est, sowing flag, sunshine_hours_est, temp_celsius, water_holding_capacity are also collected. These dataset are provide a comprehensive representation crop growth conditions. To collected satellite data are pre-processed to improve a data quality using atmospheric correction, cloud masking, and temporal harmonization. The atmospheric correction is applied to the remove atmospheric disturbance, cloud masking is used to remove cloud covered pixel that may obscure crop information, and temporal harmonization is satellite image captured that different time to consistent time-series dataset. 
      After pre-processing, spatial and temporal feature extraction. The spatial feature extraction for multi-scale dilated Convolutional Flatten Spatial attention based GhostNet model. In the multi scale dilate convolution capture the spatial patent in different scale, that enabling the detection of both small and large crop variation across agriculture field. Then the GhostNet model for reduced the complexity and maintain feature efficiency. Then temporal feature extraction using Progressive Temporal Convolutional Relative Transformer Network model. The temporal convolution network that captures the sequential patterns form time-series satellite data, then relative transformer mechanism model learns long-range temporal relationship. In the spatial and temporal feature are integrated that Coordinate Convo block attention-guided feature fusion module. The coordinate convolution operation is spatial position information, while the attention guided mechanism selectively emphasizes important features. To improve model performance are Cellular Automata based Successive Optimizer are used. This optimization automatically adjusts important parameter such as network hyper parameter a fusion weight. After, that Regression Prediction using a Regression head based deep network for predicts crop yield. This network perform regression analysis to estimate the crop yield value. Then the finally, prediction for high-level features are more accurate and reliable predictions.   
3.1 Pre-processing using Image and data 
Data was collected from the CropNet dataset for Contextual data and imagery for crop yield prediction. After that Imagery pre-processing will be done using atmospheric correction, cloud masking, and temporal harmonization and Contextual data preprocessing will be done using z-score normalization, missing value imputation. 
     In Image pre-processing using atmospheric correction, steps were taken to refine the imagery and ensure accuracy within the crop field boundaries. The 30-meter border was removed from each image to minimize interference from external environmental factors surrounding the area. By lowering the impact of non-crop pixels, this step improves the field's visibility. The atmospheric correction removes atmospheric effects from raw satellite data and converts them into surface reflectance value.   
Cloud masking, is crucial pre-processing method for remote sensing. Cloud masking (CA) detects and eliminates pixels from satellite images that are tainted by clouds, shadows, and aerosols [21]. It ensures accurate land surface, temperature, and vegetation analysis by filtering out noisy data by creating a binary mask. To produce clear image composites, it frequently makes use of cloud shadow projection methods and spectral characteristics (temperature, brightness). The cloud masking layer detects and eliminates cloud and cloud-shadows from the pixels to reduce the noise. 
Temporal harmonization (TH) aligns data, processes, or visual elements across different time points or scales to ensure consistency, coherence, and comparability. It is used in data analytics to standardize longitudinal records, in video editing for temporal consistency, and in strategic planning to align short-term actions with long-term goals. In the TH is aligns multi-data satellite image into a consistent time series analysis. 
The data pre-processing using Z-score normalization and Missing value imputation for one-dimension data. Then the Pre-processing help to enhance the quality of the data used and help to obtain effective feature use in agriculture based crop yield prediction. Here, the normalized the data are proposed different using modality-specific pre-processing techniques. As the proposed framework use crop yield prediction are input, that conduct relevant pre-processing for each modality to eliminate noise and standard class. 
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Here denotes mean value,  is the standard deviation, represented the original value of the feature and is the normalized Z-score value. Data pre-processing is an effective step to improve the data quality, efficiency and consistency. This process improves the data quality by refining the data before analysis and offered better and reliable results.  
Missing value imputation [22] is the process of replacing missing data in a dataset with estimated value to improve model performance and ensure data completeness.A missing value imputation problem occurs when features of a data set contain unobserved values. The Missing value imputation are presented in equation (2)

                                                                                                        (2)


Where, is the random variable, and is represented the new dataset samples. In the method used for improved the performance. 
3.3 Feature extraction using Contextual data and image 
The crop yield predication based feature extraction in image for temporal attention using Progressive Temporal Convolutional Relative Transformer Network and data using spatial attention for multi-scale dilated Convolutional Flatten Spatial attention based GhostNet model. Most research focus on the Contextual data data and image based for crop yield prediction are reduced the efficiency, and increasing time consuming. Therefore, this proposed model increases efficiency and reduces time consuming.  
3.3.1 Spatial Features Extraction 
The spatial features are multi-scale dilated Convolutional Flatten Spatial attention based GhostNet model for extracts the rich spatial representation form satellite images. In the multi-scale dilated convolution is image of rotating machinery is a typical nonlinear and non-smooth image. In the model to capture the multi-scale spatial patterns such as crop texture [23], canopy structure and field boundaries. The multi-scale dilated Convolutional Flatten structure are shown in figure 2. 


Figure 2: Multi-Scale Dilated Convolutional Structure
A Contextual data signal serves as the network's input. Three MsDCs are connected to the network's first layer, which is conventional convolution layer after that, three MsDCSs was connected. This model increasing training time and feature use. It should be noted that the maximum pooling layer has been removed from the third MsDCs row, without making the input data dimension too small. Then, the feature map information is processed by the GhostNet layer to reduce the overfitting problem. Finally to capture fine-grained and large scale spatial patterns. 
GhostNet model is a convolution reduces model parameter and computational nurden by producing feature maps in economical linear fashion. The GhostNet model are convolution is a techniques that separates the primary convolution and cheap convolution form the conventional procedure. Although the primary convolution rigorously restricts the total number of convolution kernels to be less than that of convolution, it is otherwise almost identical to conventional convolution. In this layer is reduced the computation complexity and maintaining feature richness. The GhostNet structure are shown in figure 3. 


Figure 3: GhostNet structure
The GhosNet [24] structure input will pass the dilate convolution network. The initial input for dimension of height, width, and number of channels. Then the primary convolution is a standard convolution are generated a smaller set of primary feature maps. The group convolution, is a linear transformation are useful to primary maps to generated “ghost” feature maps. The output for primary and ghost feature maps are concatenated to from the final output. The module is lightweight neural network component that generates additional feature maps using inexpensive operation to reduce computational costs. In the GhostNet model is reduce computational complexity by generating lightweight feature maps. 
Flatten spatial attention use the relationships amid places to generate an attention map. Spatial attention uses convolution to produce a one-channel feature map. In contrast to channel attention, this calculates the relationship between pixels. A sigmoid value between 0 and 1 is then used to generate an attention map. The spatial attention are presented in equation (3)

                                                                      (3)





Where, is represented the spatial attention [25], is the active function, is the initial features, and is the average pooling and maximum pooling. The spatial attention are shown in figure 4. 


Figure 4: Spatial Attention Module


Spatial focus in this framework is the input to GhostNet model. By aggregating the channel information of feature maps by 2 pooling operation for max pooling and average pooling. Then max-pooled feature maps are and  are convolved through standard convolution layer. The input for multimodal spatial attention map and output for feature map. In the spatial region is suppresses irrelevant background information.
3.3.2 Temporal feature extraction 
The crop yield predication based temporal feature extraction using Contextual data for Progressive Temporal Convolutional Relative Transformer Network are widely use in agriculture data based crop yield prediction in precision agriculture using multi-temporal satellite data. In the method are combines the progressive attention, temporal convolution, and transformer model are combines that structure.


The progressive attention [26] is a deep learning techniques, where attention mechanisms are applied to iteratively or hierarchically across multiple layers for increasing time complexity. In order to overcome these issues, the proposed Progressive attention module (PAM), which hierarchically combines spatial and channel attention to capture more discriminative features. Then,  is applied to each slice of as follows,

                                                                                                                   (4)


Where, is the feature convolutional, denote channel-wise attention.  The weights should be assigned to features from spatial and channel-wise features. Therefore, both attention algorithms use in network to generate layer-wise attention features. 

                                                                                                                       (5)

Here, is the layer wise attentive feature generated by progressive attention module, * is the channel wise product operation. Features from deeper layers learn more about high-level semantic information, while features from shallower layers hold richer spatial information. 
Temporal Convolutional network (TCN) is a variant of CNN in modelling time series problems. TCN is designed to have a much larger receptive field with a relatively small memory requirement compared to conventional CNN models. The convolution are components of a TCN [27], a unique 1D-CNN, and residual block are causal convolution. 

                                                                                                       (6)
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Here, is the sequence output, is the convolution kernel size, is represented the convolution operation. The weights of the convolution kernels are all normalized, and each residual block has dual layers the extended convolution and ReLU function. 
To further enhance features, are Relative Transformer [28] module is incorporated, consisting of multi-head self-attention, multi-layer perceptron’s, and layer normalization. This module is designed to guide feature representations toward task-specific outputs in crop yield prediction. Most research focuses on the high computational cost and energy consumption of transformer model-based approaches, but this proposed model reduces computational cost and energy consumption for transformer model.  The transformer structure are shown in figure 5. 


Figure 5: Transformer structure
In the transformer approach, the relative position embedding is used to calculate the relative distance between the input token and vectors. The relative position embedding can be denoted as,

                                                                                                                      (8)

Where  denotes trainable vector as a cluster which contains relative positional weight. The cluster is composed of multiple patches that share relative positional embedding. These features are then fed into the transformer’s encoder block. Each encoder consists of a multi-head self-attention module followed by a FNN. The masked scaled dot-product attention is computed as,  

                                                                               (9)
The multi-head attention mechanism can be expressed as,

                                                                 (10)
This mechanism captures long range dependencies along both spatial directions while retaining more precise positional information. Then the layer normalization is applied on the each sample which can be computed as,

                                                                                                                              (11)


Where and defines the mean and standard deviation. Then all scale features are combined which are passed to the normalization. After that, the feed forward network get the feature and process each position separately. The complicated representations of the input characterises, which are described as follows are learned by this network.

                                                                                                            (12)
Then the layer normalization is applied to the features. This layer is used to reduce the vanishing gradient issues. This can be represented as,

                                                                                                                              (13)
Then the features are passed to the dense layer which fed into the softmax classifier. Finally the softmax classifier provide efficient classification.  
3.4 multi modal fusion using Coordinate Convo block attention-guided feature fusion module 
The crop yield prediction are both of the spatial and temporal features, which are combines that fusion model for integration that, Coordinate Convo block attention-guided feature fusion module. The coordinated convolution attention is embeds a spatial location information and attention guided fusion is adaptively weights satellite and contextual feature, ensure that the most information signals dominate the fused representation. 
Coordinate Convolution attention [29], in crop yield prediction analysis, improve model attention by embedding spatial and temporal location to improve feature crop yield prediction. Spatial and temporal features are combines that equation 14 &15, 
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Where, and is represented the spatial and temporal features, is the sigmoid active function, is presented in global information. The finally output for coordinate attention block is, 

                                                                                                                (16)
This encoding process allows combined attention to more accurately locate the exact position of the object of interest, better identification of the entire model [30]. The attention map can selectively emphasize important defect features and suppress background noise in the channel and spatial dimensions, thus giving the model more attention to defect areas.

                                                                                                             (17)

Here, is represented the fusion models. In the CCA-GFF module are integrated contextual features with satellite-derived representation. 
3.5 Prediction model using Regression 
The crop yield prediction is better result for predicted in deep learning model based regression system. The primary goal of DL-Reg is to control the high nonlinearity of deep networks, which often leads to overfitting, especially in scenarios with limited training data.

                                      (18)





Here, is the network output vector, is presented the multiplying factor, and is the DL-Reg module, and is the loss function. The DL regularization method, referred to as DL-Reg [31], effectively reduces the nonlinearity of deep networks by enforcing a certain degree of linearity. When the network is smaller, these disruptions have less of an effect. Therefore, by efficiently managing the network's capacity to lessen the effects of such perturbations, DL-Reg increases the network's resilience.
3.6 Optimization using Cellular Automata based Successive Optimizer 






The Cellular Automata based Successive optimizer is a population-based optimization approach intended to effectively tune network hyperparameters and fusion weights. It incorporates structures neighbourhood interaction inspired by CA with a successive best-guided refinement method. The method balances local exploration and global exploitation to avoid premature convergence stability and solution quality.  The CA-SO starts by generating an initial population matrix,. Where  denoted as the number of candidate solutions and illustrates the number of decision variables. Each element of the matrix is initialized within predefined lower [32] and upper bounds and as,
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Where denoted as a uniformly distributed ransom number,and . The fitness of each candidate solution is evaluated using the objective function  

                                                        	(20)




Where represents the vector of fitness values. In this stage, each candidate solution with neighboring solutions following CA principles. Let denied as the current state of the  agent. The updated state is expressed as follow,

                                                                   	(21)

Where the state variation is defines as,

                                                                 	(22)






Here, denoted as the neighbourhood set of the agent, represents solution and is the local interaction coefficient controlling the influence of neighbors. The mechanism enhances local exploration by enabling structures [33] information exchange among nearby solutions. To accelerate convergence toward the optimal region, each candidate solution where, represents the solution with the minimum objective value. The update rule is formulated as, 
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Where represented as the successive optimization coefficient controlling the exploration strength. The step strengthens global exploration by progressively reducing the distance between individual solutions and the best solution. To ensure feasibility. Each updated decision variable is denotes restricted within its predefined bounds and,


                                                             	(24)


After boundary correction, the fitness value is recalculated and the global best solution updated accordingly. The iterative optimization process continues until either the maximum number of iterations is reached or the convergence criterion is satisfied.


                                                            Or 	(25)



Where represents the best fitness values at iteration and is a small convergence threshold. The overall proposed methodology for crop yield prediction are presented in Algorithm 1. 


	Algorithm 1: Pseudocode of proposed prediction

	
Input: CropNet dataset 
Output: Predicts Crop
//Step 1:  Data Collection
         for all Contextual data and image collected the data’s do
   Store for all collect crop prediction data’s
//Step 2: Pre-processing
        for all Contextual data and image collected the data’s do

          Apply :Atmospheric Correction Remove atmospheric effect raw data  

          Apply: Cloud Maskingdetects and eliminates cloud  

          Apply: Temporal Harmonizationaligns multi-data satellite images 

   Apply: Z-score normalizationstandardizes the feature values                 using (1)

          Apply: missing value imputationstability to model training                    using (2) 
Store for all pre-processed raw data’s
//Step 3: Feature extraction 
        for all pre-processed raw data’s are collected do
             spatial feature extraction 

       Apply: Multi-Scale Dilated Convolutional multi scale spatial pattern 

       Apply: GhostNetreduced computation complexity 

       Apply: Flatten Spatial attentionimportant spatial features                            using (3)
               Temporal feature extraction  

      Apply: Progressive attention improve crop growth                                    using (4-5)

      Apply: Temporal Convolutionaltemporal dependencies                            using (6-7)            

      Apply: Relative Transformer Networkimproved the efficiency               using (8-14)
Store for all spatial and temporal features 
//Step 4: Feature fusion module 
       for all collected features do

      Apply: Coordinate Convolution attention position information             using (15-17)

      Apply: Guided Feature Fusion Modulecontextual features                        using (18) 
Store for all spatial and temporal features discrimination 
//Step 5: Regression model
for all collected features fusion module do
       Apply: Regression head based deep network                                                  using (19)
Store for all crop yield prediction  
//Step 5: Optimization
for all hypertunning process do

       Apply Cellular Automata fit function                                                   using (20-23)

      Apply : Successive Optimizer Tuning Process                                      using (23-25)
Predicted the crop yield prediction
End



IV.Experimentation and Result Analysis 
This experiment was conducted to validate & assess the impact of various contextual data in crop yield prediction using some performance metrics. To present work implemented using Python on windows platform with a minimum hardware configuration of 16GB RAM with 3.40 GHz Intel Core i7 processor. To evaluate performance of this approach, average performance metrics such as MSE, MAE, RAE, RMSE, and R2 obtained over different iterations were used. 

                                                                                                       (26)
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Here, is represented the number of observations, is the actual value, and is represented the predicted value. 
4.1 Dataset Description 
In research applied to the Contextual data and image dataset in the CropNet dataset. This is expected to help researchers develop deep learning models to predict crop yields at the district level in a timely and accurate manner, by accounting for the effects of both short-term growing season weather variations and long-term climate change on crop yields. In the dataset count for 5472 data for image and data’s. Then the dataset classes Yield Corn-1, Yield Cotton-1, Yield Soybean-1, and Yield Winter Wheat-3 are used. The firstly, step to collected the dataset for satellite image and contextual data. The satellite information about crop growth condition for variables are soil, weather, crop type, management practices, Topography and Contextual data are harvest flag, nutrient index, pest_disease_risk, postharvest_loss_risk, rainfall mm, soil_ph_est, soil_salinity_est, sowing flag, sunshine_hours_est, temp_celsius, water_holding_capacity. Then applied to image data Pre-process using atmospheric correction, cloud masking, and temporal harmonization and 1D data preprocess using z-score normalization, missing value imputation. Then the pre-processing 1D passed to model for feature extraction in PTC-RTN and Pre-processed image data using MDC-FSG are utilized. After, that feature extraction using 1D data and image will pass feature fusion are CCA-GFF model. The fusion are further processed for regression prediction using a RHDN for predicts crop yield prediction analysis. 
 Contextual data is provided,  
The dataset taken includes specific environment variables such as soil, weather, crop type, and management practices in the CropNet dataset.
· Soil -- soil_ph_est, soil_salinity_est, water_holding_capacity index.
· Weather -- sunshine_hours_est, temp_celsius, rainflall_mm. 
· Crop type -- pest_disease_risk.
· Management ---practices nutrient index, harvest flag, postharvest_loss. 
In the contextual data in a crop yield prediction refers to environmental, soil, weather and management-related information that influenced the crop growth and enhanced model accuracy when integrated with primary agricultural data. Here, 2017-2021 for training data and 2022 for testing data. 
Year, Month, Day, index, FIPS Code, Grid Index, Lat (llcrnr), Lon (llcrnr).
Lat (urcrnr), Lon (urcrnr), Avg Temperature (K), Max Temperature (K), Min Temperature (K). 
Precipitation (kg m**-2), Relative Humidity (%), Wind Gust (m s**-1), Wind Speed (m s**-1), U Component of Wind (m s**-1), V Component of Wind (m s**-1). 
Downward Shortwave Radiation Flux (W m**-2), Vapor Pressure Deficit (kPa), min_lon, max_lon, min_lat, max_lat, clay_pct, sand_pct, soc, precip_n, vpd_n, irrigation_proxy, heat_stress, management_buffer, corn_label, cotton_label, soybean_label, winter_wheat_label, soil_ph_est, soil_salinity_est, water_holding_capacity, sunshine_hours_est, nutrient_index, pest_disease_risk, rainfall_mm, temp_celsius, sowing_flag, harvest_flag, postharvest_loss_risk. Table 2 and 3 is Contextual data with corresponding with the image and original and pre-processing images [35].  
Table 2: Contextual data with corresponding with the image
	Index
	Values

	Index_in_all_entries
	4701

	Year
	2022

	Month
	3

	Day
	15

	Index
	140365

	FIPS_code
	5081

	Grid index
	7.5

	Corn_label
	1

	Cotton_label
	1

	Soybean_label
	1

	Winter_wheat_label
	1

	soil_ph_est
	6.5

	harvest flag
	0

	nutrient index
	0.3890

	pest_disease_risk
	0.9350

	postharvest_loss_risk
	0

	sowing flag,
	0

	rainfall mm
	0

	soil_ph_est,
	6.5

	soil_salinity_est
	0.4

	sunshine_hours_est
	0

	temp_celsius
	5.141

	water_holding_capacity
	0.0140



Table 3: Original Image and Pre-Processing Image
	Original images
	Pre-processed images

	[image: prep_o]
	[image: prep_o]

	[image: f]
	[image: or]




Table 5 contains the original image and pre-processed images for crop yield prediction analysis. In the dataset contains that satellite image and contextual agriculture data. After that pre-processing using Image data Pre-process using atmospheric correction, cloud masking, and temporal harmonization and 1D data pre-process using z-score normalization, missing value imputation. Regression model and final predicted label are presented in table 6.
  




Table 4: Regression model final predicted label
[image: C:\Users\traineeMTM\AppData\Local\Temp\a59b044f-266f-45c6-96d6-e3e2a38524db_output_img1.zip.4db\output_img1\ouput1.png]
Different label prediction and forecast values ​​for corn yield, cotton yield, soybean yield, and winter wheat yield. 
[image: C:\Users\traineeMTM\AppData\Local\Temp\77e18dce-10d3-41e0-88d1-e57ab13cce71_output_img1.zip.e71\output_img1\output2.png]

Then the Regression model predicted and different labels for corn yield, cotton yield, soybean yield, and winter wheat yield. 
[image: C:\Users\traineeMTM\AppData\Local\Temp\2a10f132-ae87-4aab-9fce-0b37760d2874_output_img1.zip.874\output_img1\output3.png]

4.2 Performance Evaluation 
Multimodal crop yield prediction analysis based on optimized transformer model framework is developed in this research. Performance efficiency of proposed approach were validated with aforementioned metrics with respective to some current MAE approaches including convolution long short term memory (ConvLstm) [34], convolution neural network recurrent neural network (CnnRnn) [34],  gated neural network recurrent neural network (GnnRnn) [34],  and modified self-attention vision transformer (MmstVit) [34]. This validation helps future researchers to analyse the efficacy of presented framework. Initially, prediction analysis performance were validated with accuracy metric in comparison with previous models, illustrated in Figure 6.
[image: C:\Users\traineeMTM\AppData\Local\Microsoft\Windows\INetCache\Content.Word\MAE_All_Models.png]
Figure 6: MAE analysis Compare with the Proposed Model and Existing Model 
The MAE analysis are compared with proposed model and compared with some existing models. In the MAE analysis for various model prediction in different crops and overall performance. The proposed model is consistently show the lowest MAE across all categories, including superior accuracy compared with the existing model are ConvLstm, CnnRnn, GnnRnn, and MmstVit. The proposed model is lower accuracy value for multimodal analysis. The MSE analysis are shown in figure 7.  
[image: C:\Users\traineeMTM\AppData\Local\Microsoft\Windows\INetCache\Content.Word\MSE_All_Models.png]
Figure 7: MSE analysis 
The above graph shows Mean Squared Error (MSE) values for various methods including ConvLstm, CnnRnn, GnnRnn, and MmstVit model have comparatively higher MSE values, suggesting poorer prediction accuracy. ConvLstm and MmstVit model attained moderate MSE value. CnnRnn and GnnRnn approach performs better and has a smaller error spread than the previous approaches, as evidenced by its lower MSE. The recommended method achieved the lowest MSE values and indicating great accuracy and stability. Figure 8 exhibits the R2 analysis. 
[image: C:\Users\traineeMTM\AppData\Local\Microsoft\Windows\INetCache\Content.Word\R2_All_Models.png]
Figure 8: R2 analysis 
The proposed approach R2 values are utilized for various DL methods and it performances. ConvLstm and CnnRnn method achieved highest MAE values, and it’s reducing accuracy. GnnRnn model attained moderate MAE values, respectively. MmstVit method attained lowest R2 value, while its improved accuracy. The recommended method achieved lowest R2 value and it better performance of analysis. Figure 9 shows the RAE analysis. 
[image: C:\Users\traineeMTM\AppData\Local\Microsoft\Windows\INetCache\Content.Word\RAE_All_Models.png]
Figure 9: RAE analysis Compare with the Proposed Model and Existing Model
Figure 9 shown the RAE analysis. The suggested technique obtained the lowest RAE value, demonstrating its greater accuracy and robustness. ConvLstm method attained highest RAE value with a larger spread and its lower accuracy. CnnRnn and GnnRnn approach better results with lower median RAE values and improved consistent performance. MmstVit method attained better results with reducing RAE median value and it’s improved the performance. Figure 10 illustrates the RMSE analysis of proposed method and different approach.
[image: C:\Users\traineeMTM\AppData\Local\Microsoft\Windows\INetCache\Content.Word\RMSE_All_Models.png]
Figure 10: RMSE analysis Compare with the Proposed Model and Existing Model
Figure 10 RMSE analysis are compared with proposed model and some existing models. ConvLstm technique exhibits highest PSNR values than substantial variability, suggesting variable reconstruction quality. CnnRnn model attains a progressive decrease in PSNR value, indicating modest improvements in image quality. GnnRnn and MmstVit method achieved lower median RMSE values, indicating a worse quality reconstruction. The suggested model attains the lowest RMSE values with the least amount of dispersion, indicating a clear performance. Figure 11 illustrates the Theil_U analysis of presented with previous approaches. 
[image: C:\Users\traineeMTM\AppData\Local\Microsoft\Windows\INetCache\Content.Word\Theil_U_All_Models.png]
Figure 11: Theil_U analysis Compare with the Proposed Model and Existing Model
[bookmark: _GoBack]The Theil_U analysis Compare with the Proposed Model and few existing models for crop yield prediction. In the Theil_U analysis for various model prediction in different crops and overall performance. The proposed model is consistently show the lowest Theil_U across all categories, including superior accuracy compared with the existing model are ConvLstm, CnnRnn, GnnRnn, and MmstVit. Smaller distance between reference and floating images indicated better registration task. From the analysis proposed approach attained better Theil_U of 0.00033, lowest value indicates potential registration task. Figure 12 is actual and predicted label for cropnet dataset. 
[image: E:\work\18)Mr. Sangamesh (M460183-2)\Graph\actual_vs_predicted.jpg] 
Figure 12: Actual and predicted label for CropNet dataset
Figure 12 is the actual label and predicted label for cropnet dataset. In this analysis for corn, cotton, soybean, and winter wheat are performed. The blue points are represented the predicted output of the model, and while the red line is represents the ideal prediction. Performance validation of classification approaches on cropnet datasets are illustrated in Table 3.
Table 3: Performance evaluation of proposed crop yield analysis with current methods
	Model
	MSE
	MAE
	RMSE
	R2
	RAE
	Theil_U

	Proposed Model
	0.11743
	0.32638
	0.34267
	1
	0.00099
	0.00033

	ConvLstm Model
	4.96334
	2.10325
	2.22785
	0.99997
	0.0064
	0.00213

	CnnRnn Model
	7.21188
	2.5972
	2.68549
	0.99996
	0.00791
	0.00256

	GnnRnn Model
	8.97295
	2.87142
	2.99549
	0.99995
	0.00874
	0.00286

	MmstVit Model
	14.4032
	3.69044
	3.79515
	0.99992
	0.01123
	0.00362



Table 8, 9, 10 and 11 is performance comparison of different models for corn, cotton, soybean, and wheat prediction.   


Table 8: Performance Comparison of Different Models for Corn Crop yield prediction
[image: C:\Users\traineeMTM\AppData\Local\Temp\3b906541-53f5-45bb-bffc-6dc197604239_output_img1.zip.239\output_img1\6.png]
Table 9: Performance Comparison of Different Models for Cotton Crop yield prediction
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Table 10: Performance Comparison of Different Models for Soybean Crop yield prediction
[image: C:\Users\traineeMTM\AppData\Local\Temp\1f8966de-527e-44f2-97d9-ca02c39772a9_output_img1.zip.2a9\output_img1\8.png]


Table 11: Performance Comparison of Different Models for Winter Wheat Crop yield prediction
[image: C:\Users\traineeMTM\AppData\Local\Temp\3efb0979-bee9-49d6-908d-45c38797829e_output_img1.zip.29e\output_img1\9.png]


4.2 Discussion 
In the research focus on coordinate convo block attention-guided feature fusion module based crop yield prediction in precision agriculture using multi-temporal satellite data. Initially collected for CropNet dataset for crop yield prediction in precision agriculture. In the model pre-processing using image for atmospheric correction, cloud masking, and temporal harmonization and Contextual data pre-processing using z-score normalization, missing value imputation. After that, feature extraction using spatial features are multi-scale dilated Convolutional Flatten Spatial attention based GhostNet and temporal dependencies are modelled using a Progressive Temporal Convolutional Relative Transformer Network model to capture the different features. Then the feature fusion model for Coordinate Convo block attention-guided feature fusion module. An optimization algorithm namely Cellular Automata based Successive Optimizer is employed to optimize network hyperparameters and fusion weights in both extractor. Then the prediction layer is regression head based deep network is production more accurate and reliable predation. Moreover, spatio-temporal vision transformer reduced the complexity of the model and perform reliable visual feature extraction. These processes enhanced feature extraction procedure in proposed multimodal prediction analysis.
Jácome Galarza et al. [21] to improve for transformer based multimodal crop yield prediction, however, that attention mechanisms required careful tuning to achieve optimal model effectiveness. But this proposed model is approach has been proven to be an excellent feature extraction framework, capturing the most efficient and relevant features and avoiding redundancy. Anoop et al. [22] published crop yield prediction using transformer approach with weighted loss based 3-tier feature learning, However the model faced limited interpretability issues this will affects the model decision-making. The proposed model is used for spatio-temporal vision transformer reduced the complexity of the model and perform reliable visual feature extraction. Sharma et al. [23] used an advanced Bi-GRU model based crop yield prediction, furthermore, in this model possessed over-fitting issues which may increase the model training time. But this proposed model is reduced the overfitting issue and reduced the time consumption. Singh et al. [24] designed deep neural network based crop yield prediction, likewise, in this model had poor image quality can significantly degraded model performance. The proposed model is multimodal analysis for crop yield to increasing the image quality. The deep learning model based on crop mapping using multi-temporal sentinel-2 data and red-edge vegetation indices are presented in Tufail et al. [25]. Furthermore, this method increasing the computation complexity cost for yield prediction. But the proposed model is spatial and temporal analysis for crop yield prediction in reduced the computation complexity. Table 4  is comparative analysis of proposed approach with previous literatures are illustrated and original image compared with proposed image.
Table 4: Comparative analysis
	Author and reference
	Models
	Performance 

	Jácome Galarza et al. [21]
	AgriTransformer
	2.598 


	Anoop et al. [22]
	3-tier Feature Learning
	0.3002 

	Sharma et al. [23]
	Bi-GRU
	-

	Singh et al. [24]
	CNN, LSTM
	89.2%

	Tufail et al. [25]
	2D CNN-RNN
	99.12% 

	Proposed model 
	CCA-GFF
	0.11743



4.3 limitation of the present work and future scope of the work
Limitation:
· To present work may consider only basic feature such as rainfall, temperature, and soil type, while ignoring important factors like pest attacks, fertilizer usage, and irrigation methods and satellite vegetation indices. 
· In the climate change variability not fully considered sudden climatic variation and extreme weather events may not be adequate captured by historical-data based method. 
·  In the model have trained on limited regional dataset, which reduced its generalization ability to other geographical locations. 
Future scope of work: 
· In the prediction model is applying the SHAP or LIME techniques to makes the model decision interpretable for farmers and policymakers. 
· The prediction model into a farmer-friendly mobile or web application for practical usage.  
· IoT based on real-time soil, temperature, and humidity sensors can enhanced the prediction performance. 
5 Conclusion 
This study proposes a novel optimized multimodal relatively Convolutional Relative Transformer Network model for analysing the prediction of Contextual data and image. This research captures specific characteristics of each modality and enhance the feature representations. It combines spatial-temporal feature representations through effective hierarchical fusion strategy. In the spatial features are multi-scale dilated Convolutional Flatten Spatial attention based GhostNet and temporal features are Progressive Temporal Convolutional Relative Transformer Network for feature representation. This research focused on enhancing the classification accuracy by effectively aggregating multimodal data while maintaining computational efficiency. In the feature fusion models are Coordinate Convo block attention-guided feature fusion module to capture long-range crop growth dynamics without recurrent mechanisms. A met heuristic optimization algorithm namely CA-SO is employed to optimize network hyper parameters and fusion weights in both extractor. Finally, a regression head based deep network predicts crop yield that provide a better accurate results. Extensive experiments have been carried out on CropNet and attained better performance enhancement including 0.11743 of MSE, 0.3263 of MAE, 0.3426 of RMSE, 0.0009 of RAE and 0.00033 of Theil_U are performed.   
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