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Abstract
This research focus on accurate yield predictions which are useful for implementing precision farming technologies and making better decisions in crop management. Most of the research has developed a prediction based on crop yield prediction, but failed to consider in increasing computation cost, poor real time use, and overfitting issue. Hence, this proposed model aims to reduce the computation cost, real-time use and reduced the overfitting issue by deep learning based on crop yield prediction. Initially collected the dataset for CropNet data’s are including NDVI, EVI, soil moisture, and vegetation indices, which are pre-processed through atmospheric correction, cloud masking. Following that pre-processing stage for different techniques in image use Anisotropic Mean filter (AnMF) and data use in normalization. Here the mean filter is integrated with anisotropic filter to reduce the noise in the spectral image.  The crop yield prediction in different aspects for spatial and temporal attention. The spatial attention in Convolutional Dense EfficientNet with Axial attention (CD-EA) for high dimension spatial features, and temporal attention in Bidirectional coordinate attention based long short layer enclosed Absolute Transformer Encoder model for temporal aware feature representation. The features are integrated via weighted attention based multilayer perceptron (WA-MLP) that provide a prediction results. Also learns vegetation trends and environmental interactions over time, enabling accurate crop yield prediction and effective support for precision agriculture applications. However, the result shows that the proposed framework improved in MSE analysis by 3.895, R2 analysis by 0.9805, MAE analysis by 1.85, RMSE analysis by 1.85 for crop yield prediction are respectively.
Keywords: crop yield prediction, spatial and temporal, Anisotropic Mean, weighted attention, axial attention. 


[bookmark: _GoBack]1. Introduction
In Recent time, with the utilization of Artificial Intelligence (AI), AI applications have proliferated across various domains where agricultural consumer electronics are no exception. These innovations have significantly enhanced the intelligence of agricultural processes, leading to increased efficiency and sustainability. However, the implementation of smart agriculture requires substantial initial investment on sensors, software, and infrastructure [1]. The development of agriculture has been crucial to human civilization, providing food and enabling crop cultivation since the emergence of societies [2]. Many farmers want to reduce old farming techniques that only yield low profits in today’s market. Long-term economic growth and prosperity in the United States depend on the success of agriculture and related industries [3]. Pesticides and weather factors (rain, temperature, etc.) significantly affect agriculture productivity [4]. 
Crop production forecasting is an important component of agricultural planning and management. At regional and international levels, it is also crucial for food production and security [5]. The success of a crop depends on weather, soil, terrain, pest presence, water supply, the genetic makeup of the plant, the structure of the crop and more [6]. African agriculture is being improved through policies and measures to mitigate the effects of climate change and increase food production accordingly [7]. Farmers can use crop yield estimation to increase production under favourable conditions and reduce production losses under unfavourable conditions [8]. Remote sensing (RS) provides farmers and owners with significant and necessary information to predict crop yields in advance [9].
A subset of artificial intelligence (AI), machine learning (ML) entails developing techniques that can learn from data and provide forecasts or predictions [10]. There are other techniques to predict crop production these mainly include linear models, crop models, and ML models. ML is very useful in agriculture where large amounts of data are available, and it can be used to make predictions about plants [11]. Due to their benefits in managing time-series data, deep learning (DL) technologies in particular Convolutional Neural Networks (CNN), and Long Short-Term Memory networks (LSTM) have been used more frequently in crop production prediction research in recent years [12]. In addressing key aspects of precision agriculture, such as irrigation patterns, water use, and soil conditions, the integration of Internet of Things (IoT) technology improves long-range monitoring [13].
Traditional ML approaches faces important encounters in optimal feature selection and exhibit limited learning ability from complex agricultural data patterns [14]. To advantages of crop yield predictions the farmers are more capable of making administrative and financial decisions, and prompt remedial action for the entire crop can be facilitated by early identification of issues that affect productivity. Calculating the crop yield can help make more informed decisions while planning and executing tasks [15]. Food security issues and financial losses result from on-farm decision-making being hampered by a lack of timely and accurate information on anticipated agricultural production [16]. This method overcome the challenge of scalability, to make informed better decisions and to enhance accuracy.  
Crop yield prediction has played a key role in preserving food security and has been extensively researched in recent decades. This deep learning-based crop yield prediction is a combination of spatial and temporal attention, using a weighted attention-based multi-layer concept. Most research has developed a transformer based on crop yield prediction, but has failed to consider the problem of poor generalization and overfitting. Therefore, this research aimed to identify ways to reduce the generalization and overfitting problem. Comprehensive demonstrate that the model significantly outperforms existing Convolutional Dense EfficientNet and transformer-based methods in terms of accuracy, precision, R-square, and MSE and so on, are evaluated and compared with recent research models. The main contribution are given as follows:
· To present Convolutional Dense EfficientNet with Axial attention for capturing spatial patterns from the images.
· To implement Bidirectional coordinate attention based long short layer enclosed Absolute Transformer Encoder model extracts the temporal dynamics of crop growth across seasons.
· To design a weighted attention based multilayer perceptron that integrates multi-temporal satellite imagery for accurate crop yield prediction.
This paper structure as follows: section 2 reviewed most relevant studies of crop yield prediction task in literature study. In section 3 is effectiveness of proposed approach is illustrated. The discussion in Section 4 and Section 5 conclude the research paper with future work.
2. Related works
Some of the recent related works in agriculture based on crop yield prediction are clarified in detail for this section,
In this research focus on deep learning based on unmanned aerial vehicle (UAV) in multi model agriculture cotton yield prediction are presented in Jiang et al. [17]. To implemented on hybrid model for multimodal deep neural network (AMDNN) model for UAV in multi spectral image and weather condition data’s are analysis. Then the prediction model used for traditional unmanned aerial remote sensing (UAVRS) model for under the complex condition. In this method focus on data’s for Historical Dataset for a cotton yield prediction. The MSE analysis for error matrix in 0.14 are performed for effective support in prediction agriculture. Furthermore, in AMDNN model for increasing generalizability issue. 
ZIJIN et al. [18] implemented in TCGNet for crop yield prediction in multi-model fusion. The automated TCGNet model used for time convolution network (TCN) in spatiotemporal data. In this analysis are used for four different dataset in ERA5 dataset, soil grids dataset, MODIS dataset, and FAO statistic dataset are utilized. Grey wolf optimization were used with different learning rates to train and test this model so that it would optimize performance. The Grey optimizer due to the simplicity, robustness and fast convergence, resulting in maximum accuracy and minimum loss. In the experimental evaluation model attained low MSE analysis for 20.03 for yield prediction. The model had high computational complexity of TCGNet increases training time. 
The machine learning model for crop yield prediction and time-series satellite data analysis are presented Ishaq et al. [19].  To implemented in geospatially robust wheat yield prediction model (GR-WYPM) model.  In this research focus on wheat yields prediction are consists of four major computes are, land data collected and processing, input parameter, preparation, analytical structure, and yield forecasting and mapping. This method increasing the MSE value for yield prediction. However, real-time analysis for prediction in this method is struggles.  
Soybean yield prediction in multisource and multitemporal Remote Sensing Data for deep learning model are presented in Jian et al. [20]. To implemented on model for bidirectional hierarchical gated recurrent unit (BiHGRU) model for soybean yield prediction. The bidirectional model such as, BiLSTM and BiGRU model are process for forward and backward direction to integrated contextual feature are utilized.  In this method used for a dataset in MODIS Data and Vegetation Indices data’s for a large and crop yield estimation in complex agricultural remote sensing environment are performed.  The MAE analysis in 3.4773 for crop yield prediction. Furthermore, this method increasing the computation complexity cost for yield prediction.
Wang et al. [21] suggested for plant growth development using the time series image analysis. This research are develop in plant growth model for spatiotemporal long short term memory (ST-LSTM) are used in crop yield prediction. In this method used some baseline model for ConvLSTM, LSEM, and ST-LSTM for yield prediction dataset in wheat dataset, and planetoid phenomap-1 dataset. The MSE achieve in error matrix value by 0.7778 for yield prediction. However, this method is high complexity, and increasing cost for real-time analysis. Table 1 provide the overview of existing analysis.
            Multimodal crop yield prediction analysis has become a significant research area in the AI and the advancements of deep learning and machine learning model possess potential improvements. However, current prediction analysis tasks possess certain inadequacies that negatively impacts the performances. In the research focus on deep learning based on UAV in multi model agriculture cotton yield prediction are presented in Jiang et al. [17]. However, the growth of crops is increasing complex by features represented. ZIJIN et al. [18] executed in TCGNet for crop yield prediction in multi-model fusion. The model had high computational complexity of TCGNet increases training time. The ML model used for crop yield prediction and time-series satellite data analysis are presented in Ishaq et al. [19]. However, real-time analysis for prediction in this method is struggles. Soybean yield prediction in multisource and multitemporal Remote Sensing Data for deep learning model are presented in Jian et al. [20]. Furthermore, this method increasing the computation complexity cost for yield prediction. Wang et al. [21] suggested for predicting plant growth development using the time series image analysis. However, this method is high complexity, and increasing cost for real-time analysis. 
3. Proposed Multimodal Prediction Model 
To present in artificial intelligence based framework for yield prediction using multimodal data in precision agriculture. Most of research has developed crop yield prediction, but failed to consider the increasing system complexity, poor the real-time analysis, and implemented high cost. Hence, this research aimed to identify the reduced the complexity, real-time use and reduce the cost for deep learning model. The overall diagram are shown in figure 1. 


Figure 1: Overall workflow diagram
Initially collected for dataset in cropnet dataset are collect different features. In the dataset collected across different stages and seasons to capture crop variability. After that, pre-processing in images are Anisotropic Mean filter is removes the atmospheric distortions from satellite image and data using min-max normalization filter to reduce the noise in the spectral image. Following that feature extraction used in spatial are convolutional dense efficientnet with axial attention, in the output for rich spatial feature maps representing crop patterns and field structure. Then the temporal features bidirectional coordinate attention based long short layer enclosed absolute transformer encoder model to capture the both past and future growth dependencies and extract the high level features. To integrate the feature fusion models for weighted attention based multilayer perceptron model, to enhance interaction between vegetation indices and environmental factors. Finally, the output is predicted in crop yield value for each region and seasons and accurate yield estimates to support precision agriculture decision making. 
3.1 Pre-processing using image and data 
After the dataset collection using, pre-processing stage for image and data are reduce the noise in the spectral image. The image pre-processing using Anisotropic Mean filter and data pre-processing using normalization are utilized. By using this filter, one can improve image quality and remove unwanted noise. 
Anisotropic Mean filter [22], is an image processing techniques that reduced the noise while preserving edge sharpness by averaging pixel only within homogeneous regions, rather than across boundaries. The anisotropic diffusion are mathematical function are presented in equation (1),

                                                                    (1)




Here, is represented the Anisotropic filter, is the coefficient function,  is denote from image gradient, and is represented the time domain function. The mean filter are presented in equation 2, 

                                                                                                       (2)




Where, is the original image pixel, is represented the mean filter, is the total pixel in the filter. Every sample are data pre-processing using min-max normalization.  The is normalization function are, 
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Where, is the new normalized [23] value, and represents the minimum and maximum image respectively. This step reduced the computational complexity, improved numerical stability, ensures consistent and reliable feature extraction in subsequent pre-processing stages. 
3.2 Feature extraction using Spatio-Temporal features 
Next the pre-processing, fed into a feature extraction for spatial-and-temporal features are process the crop yield prediction. The image based spatial feature extraction are Convolutional Dense EfficientNet with Axial attention model to capture spatial patterns that provide hybrid architecture of EfficientNet with Densenet.  Then the data based temporal features extraction using Bidirectional coordinate attention based long short layer enclosed Absolute Transformer Encoder model, extracts the temporal dynamics of crop growth across seasons. 
Spatial feature extraction, Convolutional Dense EfficientNet with Axial attention model for hybrid deep learning model to capture the features. Most of the research focus on prediction based on 1D convolution network has failed to capture real-time usage and poorly implemented. But this proposed model is prediction for 1D, dense net, and axial attention model to capture the real-time usage and implemented. 
The convolution neural network are type of deep learning to designed and analysis agriculture image prediction, are widely used in prediction image [24] for task such as multimodal fusion for crop yield prediction using multi-spatial satellite data. The convolution layer are presented in equation 4, 

                                                                   (4)




The output feature map is, then the input represented that, is represented the filter in width and height, and the filter applied to the input are shown by are respectively. The spatial dimension of feature are, the pooling layer lower computational cost and strengthens the network resistance to spatial input changes, 
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Where,  is the pooling layer output function, the pooling kernel function are, the pooling window are represented by. Then the fully connected layer integrated by the feature learning by precious layer into the final prediction.  

                                                                                                                         (6)



Here, is represented input vector,  is the weight attention, and  is bias function. The convolution neural network are presented in figure 2. 


Figure 2: Convolution neural network
The CNN system consists of several key building blocks, each with a unique role in processing and learning form image data. These including are fully connected layer for decision making, pooling layer for dimensionality reduction and convolution layer for feature extraction. To improve the training stability and model generalization, extra elements like batch normalization and dropout are frequently added.  
A deep learning neural network design called DenseNet [25] allows information to flow through the network completely and effectively since every layer is linked to every layer. Because of this ability, the densenet can learn and understand an image's characteristics and structure more efficiently. Feature reuse is made feasible by dense connections in densenets, which improves feature representation and learning efficacy. A typical issue with neural network models is gradient vanishing, which is resolved by the straightforward and low parameter count of the DenseNet network structure. The DenseNet are presented in figure 3. 


Figure 3: DenseNet Structure 
The output of the CNN layer will send the input to the densenet layer. Then, each layer are receives the feature maps from all preceding layers within the same dense block. The blocks are separated by transition layer that perform convolution and pooling to down sample the feature maps. Then the densenet connection are improved the feature reuse and gradient flow. 
EfficientNet B0 design is stable across the series, making it suitable for large datasets under constrained computational resources. Its intermediate accuracy in ImageNet reflects its ability to effectively capture important features, making it highly applicable to tasks such as crop yield prediction. In this large versions provide somewhat better accuracy, but they are useful for real-time applications, especially in agriculture, because to their high memory and processing requirements. The EfficientNet B0 Structure shown in figure 4. 


Figure 4: EfficientNet B0 Structure
The images show the structure for EfficientNet B0 in convolution neural network used for image processing [26]. This structure consists of multiple layer, including convolution layer, polling layer and fully connected layers. The convolutional layers apply filters to the input image to extract features like edges and textures. Final layers in efficientnet in extract high level spatial features. The Axial attention model are used to identify and classify crop types and yield prediction, with some studies shoeing the ability to perform early, in season prediction.  It has been increasingly applied to agricultural tasks, particularly for crop classification and yield prediction using satellite imagery, as if excels at capture spatial dependencies in high-resolution, large format data while optimizing computational resources. The axial attention mechanism calculation process can be expressed as follows:

                                                    (7)






Here, is represented the spatial position of current pixel, is the height axis, is query vector at spatial position, is the key vector of axial attention, is the dot produce between query and key, is represented the relative position encoding with query, key and value. 
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Where, is represented the width of axial attention, is the relative position information,  is the relative spatial relationship. The axial attention structure are shown in figure 5. 


Figure 5: Axial Attention Structure
In this axial attention [27] is the represented the layer diagram. The gate units will give the relative positional encoding a smaller weight to suppress inaccurate relative positional information and avoid interference with the models predicted accuracy. In contrast, the gate unit provide a higher weight to the relative positional encoding to help the model emphasize crucial positional pixels in the axial attention computation, for the crop yield prediction task. 
Temporal attention features extraction for data use Bidirectional coordinate attention based long short layer enclosed Absolute Transformer Encoder model. Most of the research focus on temporal attention based on LSTM has failed to high cost and overfitting issue, but this proposed model is prediction for BiLSTM and transformer model to reduce the cost and overfitting issue. 
Bidirectional long short term memory [28], data will processed in both the forward and backward directions, allowing for the retention of information from both the past and the future. Recent research indicates that bidirectional LSTM perform better when used for long-term data will capture the crop yield prediction process. This model can be used more effectively at any time allows for the future and the past by combining two hidden states. The bidirectional long short term memory are presented in this equation, 

                                                                                                           (9)

                                                                                                    (10)

                                                                                                      (11)

                                                                                                            (12)





Here, is represented as forward and backward consider as final output, is the generating hidden sequences in forward and backward directions, is the weight of matrices, is represented the current cell state, is the bias function are respectively. The bidirectional long short term memory are shown in figure 6. 


Figure 6: bidirectional long short term memory structure
The BiLSTM input for the axis attention for crop yield prediction. In BiLSTM, contextual information is processed in both the forward and backward directions, allowing for the retention of information from both the past and the future. Then the output layer is forward and backward temporal learning for crop yield prediction. Coordinate attention is lightweight mechanism of convolution neural network that enhance the feature representation by long-range positional information into channel attention. The coordinate attention can be divided into two sections that coordinate information embedding section and the coordinate [29] attention generation section. The former encodes the information of the channels in horizontal and vertical coordinates, and the latter captures the positional information and generates weight values. Following that two formulation are calculated as, 
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Here, is denote from feature map, is the output of transformer height and width, and is the different spatial function. In this coordinate attention model is improve the accuracy and reduced the error rate. 
The deep learning based on Absolute Transformer [30] Encoder model for extracts the temporal dynamics of crop growth across seasons. Most of the research focus on transformer model based high computational cost and energy consumption, but this proposed model is absolute transformer is reduced the computation cost and energy consumption. In this crop yield prediction model is process with the feature embedding and absolute position encoding encode them to learns the absolute positions of those embedding’s, which mathematical function are presented in,

                                                                                                              (15)


Where, embedding function and absolute positional encoding are represented in and. The transformer adopts attention mechanism for query, key value (QKV) model are represented as equation (),

                                                                                      (16)


Here, is the query, key value, is represented the dimension value. The multi head attention are represented as equation ()

                                                 (17)
In Transformer, there are three types of focus depending on the source of the queries and the key-value pairs are self-attention, position wise FFN, residual connection and normalization.  The self-attention function as, 

                                                                                                                      (18)

Where, is the output of the previous layer. The position wise forward feed network module are, 

                                                                                        (19)

Here, is the trainable parameter. To create a deep model, the transformer uses a residual connection around each block. Following that layer normalization are, 

                                                                            (20)

                                                                    (21)


Here, self-attention is denote from self-attention module, is represented as layer normalization operation. The absolute transformer structure are shown in figure 8. 


Figure 8: Absolute transformer structure
The absolute transformer input for the coordinated attention layer. Then the encoding consists of stacked layer, each having multi-head attention layer, feed-forward layer are followed by that add& norm (residual connection and layer normalization). Then there are three sub-layers in the decoder: multi-head attention refers to future tokens, add & norm and feed-forward are used to observe the encoder output. Then the output is final decoder layer passes through a linear to layer to create a logics vector and followed by softmax function are produced.  
3.3 Feature Fusion Using Weighted Attention Based Multilayer Perceptron 
After feature extraction, the model integrates spatial and temporal feature fusion. The features are integrated via weighted attention based multilayer perceptron that provide a prediction results. Most of this research focus on fusion model for high dimensionally, and computation cost, but this proposed model is fusion model is reduced the dimensionally and computation cost for deep learning model. 
Weighted Attention mechanism [31] emphasizes the most relevant features while suppressing loss suppressing less useful ones.  The weighted attention mechanism output for weighted tensor are presented in equation (22), 

                                                         (22)


Here, is represented the dimension function, is the non-maximal attention weight. Then, calculate the new weight for maximum attention weight, 

                                                                                (23)
For maximum non-focus weights, the unobserved portion will be the new weight. This is calculated by the equation below, 

                                                                           (24)
Currently, the new weights of the maximum and non-maximum attention weights are added to determine the total weight for the input. Below an expression for the equation (25) 

                                                                    (25)

Here, is the weighted parameter. The weighted attention are improves representation quality and enhanced the performance of the learning model. Multilayer Perceptron is prediction model in final stage for feedforward neural network are designed to assign input data to specific categories. In this layer typically process by binary classification to map raw output probabilities. The MLP [32] structure are shown in figure 9. 


Figure 9: Multi-layer perceptron
Data points are sent to the input layer, processed by one or more hidden layers, and then returned through the output layer for unidirectional data processing. The output layer does the necessary tasks, including prediction. In this agriculture based yield prediction are including the crop monitoring, and yield forecasting for resource management. 
4. Implementation and result analysis 
In this section describes simulation results and their analysis on crop yield prediction. The experiments were conducted to validate the impact of various prediction framework in terms of some performance metrics. The presented crop yield prediction was implemented on Python code in windows on 16GB RAM with 3.40 GHz Intel Core i7 processorIn this proposed model was implemented using python programming language. To evaluate performance of this approach, average performance metrics obtained over different iterations were used. These metrics such as MSE [34] (mean square error), MAE [34] (mean absolute error), R2 [34] (coefficient of determination), RMSE [34] (root mean square error), RAE [34] (relative absolute error), NSE [34] (nash-sutcliffe efficiency) and MAPE [34] (mean absolute percentage error).  
4.1 Dataset Description 
In this research focus on the dataset for CropNet dataset for multi modal data for data and image for yield predictions. In the dataset multi-temporal satellite data, including NDVI, EVI, soil moisture, and vegetation indices are utilized. The dataset contains that 5472 for image and data’s are collected the state in ARKANSAS. The 1D data that find in NDVI contains 343857, EVI contains 0.02356, GNDVI are contains 255927, NDWI are contains 330783, and MSI are contains 4.2360e+07 are utilized. In this dataset are contains 80% training data and 20% for testing data [34].                                           
4.2 Performance Evaluation 
Multimodal prediction analysis based on bidirectional coordinate attention model framework is developed in this research.  Performance efficiency of proposed approach were validated with aforementioned metrics with respective to some current MMP (multi modal prediction) approach in 3D-CNN (3 dimension convolution neural network) [33], Deep Yield [33], ConvLSTM (convolution long short term memory) [33], CNN-LSTM (convolution neural network- long short term memory) [33], and VGG16 [33] model are compared in corn, cotton, soybean and winter wheat are utilized. This validation helps future researchers analyze the performance of the presented framework. The MSE analysis are shown in figure 10.
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Figure 10: MSE analysis of proposed approach are some existing techniques
Figure 10 is demonstrates the MSE analysis are utilizing different DL methods and its performance. The suggested techniques obtained the lowest proposed analysis proving its greater accuracy and robustness. The VGG16 model attained moderate MSE value. 3D-CNN approach performs better and has a smaller error spread than the previous approaches, as evidenced by its lower MSE. The R2 analysis are shown in figure 11.
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Figure 11: R2 analysis of proposed approach are some existing techniques
Figure 11 is demonstrates the R2 analysis are utilizing different DL methods and its performance. The R2 is compared in five models are 3D-CNN, DeepYield, COnvLSTM, CNN-LSTM and VGG16 are performed. The proposed approach consistently shown the lowest R2 value indicating superior performance. The 3D-CNN is generally exhibits the highest MAPE value among the techniques. In this proposed method demonstrated the lowest error for all categories. The MAE analysis are compared with some existing approach are shown in figure 12. 
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Figure 12: MAE analysis of proposed approach are some existing techniques
Figure 12 is demonstrating the MAE analysis are utilizing different deep learning methods and its performance. The MAE is the average of absolute differences between the predicted and actual values. It treats all errors equally, making it more robust to outliers compared to MSE. In this method are compared with several existing models are, 3D-CNN, Deep Yield, ConvLSTM, CNN-LSTM, and VGG16. The MAE analysis are 3D-CNN and DeepYield method attained approximately low MAE value than the suggested method. The RMSE analysis are shown in figure 13. 
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Figure 13: RMAE analysis of proposed approach are some existing techniques
Figure 13 is demonstrating the RMAE analysis are utilizing different deep learning methods and its performance. The RMSE values of various models are displayed in this graph where lower RMSE indicated greater performance. RMSE analysis evaluates the prediction model and accuracy by measuring the average amount of error between the predicted and actual value, with a lower RMSE indicating better performance. The proposed method is the most accurate of all the models because it has the lowest RMSE value of 1.85. The RAE analysis are shown in figure 14. 
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Figure 14: RAE analysis of proposed approach are some existing techniques
Figure 14 is demonstrating the RAE analysis are utilizing different deep learning methods and its performance. In this RAE (Relative Absolute Error) across are different deep learning models for four specific crops and overall average. The RAE is measure the lower value indicated better performance. The deep learning analysis for 3D-CNN, DeepYield, CovLSTM, CNN-LSTM and VGG16 models are compared. Then crops analysis are corn, cotton, soybean and winter wheat analysis. The proposed approach consistently show in lowest RAE for all crops and overall indicating the highest accuracy among the tested method. The NSE analysis are shown in figure 15. 
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 Figure 15: NSE analysis of proposed approach are some existing techniques
Figure 15 is demonstrating the NAE (Nash Sutcliffe Efficiency) analysis are utilizing different deep learning methods and its performance. The NSE are compared with proposed approach against five existing deep learning techniques are 3D-CNN, DeepYield, ConvLSTM, CNN-LSTM, and VGG16 across different crops and overall performance. The proposed method generally shows the highest NSE for corn and the overall matric, indicating superior performance in those categories. In this analysis are compared in six different model are predicting yield in four crops are corn, cotton, soybean, and wind wheat. MSE value. 3D-CNN approach performs better and has a smaller error spread than the previous approaches, as evidenced by its lower NSE. Figure 16 demonstrates the NMSE analysis.
[image: C:\Users\traineeMTM\AppData\Local\Microsoft\Windows\INetCache\Content.Word\7.png]
Figure 16: NMSE analysis are proposed approach are some existing techniques
Figure 16 is demonstrates the NMSE (Normalized Mean Square Error) analysis are utilizing different deep learning methods and its performance. The NMSE is compared in five models are 3D-CNN, DeepYield, ConvLSTM, CNN-LSTM, and VGG16 are performed. The proposed approach consistently shown the lowest NMSE value indicating superior performance. The VGG16 is generally exhibits the highest NMSE value among the techniques. In this proposed method demonstrated the lowest error for all categories. The Actual and predicted label of for CropNet dataset are shown in figure 17. 
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Figure 17: Actual and predicted label for CropNet dataset
Figure 17 is the relationship between actual and predicted value for corn, cotton, soybean, and winter wheat. The blue points are represented the predicted output of the model, and while the red line is represents the ideal prediction. Most of the predicted value lie are very close to the ideal line. In this indicates are strong correlation between actual and predicted data. Then the model demonstrates high accuracy and reliable performance across all crops. The proposed approach's performance evaluation is given in Table 2.  
Table 2: Proposed approach performance evaluation
	Model/ Metrics
	3D-CNN
	Deep Yield
	ConvLSTM
	VGG16
	Proposed model

	MSE
	11.765
	11.765
	11.765
	11.765
	3.895

	R2
	0.924
	0.924
	0.924
	0.924
	0.980

	MAE
	3.35
	2.525
	2.85
	3.3
	1.58

	RMSE
	2.525
	2.952
	3.3
	3.85
	1.85

	RAE
	0.2863
	0.2863
	0.2863
	0.2863
	0.149

	NSE
	0.076
	0.076
	0.076
	0.076
	0.0195

	NMSE
	0.076
	0.076
	0.076
	0.076
	0.0195

	MAPE
	3.165
	3.165
	3.165
	3.165
	1.6548



Performance validation of proposed MMP approach with previous modules has demonstrated the efficiency in analyzing crop yield prediction. From these verification, it is clear that the proposed bidirectional integration focus-based model is highly suitable in yield prediction analysis.
	Table 3: Original images and pre-processing images

	[image: C:\Users\traineeMTM\AppData\Local\Microsoft\Windows\INetCache\Content.Word\1.png][image: C:\Users\traineeMTM\AppData\Local\Microsoft\Windows\INetCache\Content.Word\2.png][image: C:\Users\traineeMTM\AppData\Local\Microsoft\Windows\INetCache\Content.Word\3.png][image: C:\Users\traineeMTM\AppData\Local\Microsoft\Windows\INetCache\Content.Word\5.png][image: C:\Users\traineeMTM\AppData\Local\Microsoft\Windows\INetCache\Content.Word\6.png]


	
[image: C:\Users\traineeMTM\AppData\Local\Microsoft\Windows\INetCache\Content.Word\1.png] [image: C:\Users\traineeMTM\AppData\Local\Microsoft\Windows\INetCache\Content.Word\2.png] [image: C:\Users\traineeMTM\AppData\Local\Microsoft\Windows\INetCache\Content.Word\3.png] [image: C:\Users\traineeMTM\AppData\Local\Microsoft\Windows\INetCache\Content.Word\5.png] [image: C:\Users\traineeMTM\AppData\Local\Microsoft\Windows\INetCache\Content.Word\6.png]



The table 3 are presented in original images and pre-processing image are compared with satellite imagery before and after pre-processing. This data is likely used for remote sensing application such as change detection analysis.

4.3 Discussion 
In this research of the yield prediction using multi-modal for temporal and spatial attention are predicted for agriculture was suggested as a novel methodology. The recommended solution effectively overcomes the drawbacks of existing approaches in addition to these enhancements. In this research focus on deep learning based on UAV in multi model agriculture cotton yield prediction are presented in Jiang et al. [17]. However, crop growth is a very complex trait determined by various factors, but this proposed model, which is used to focus on spatial and temporal attention, reduced the problem. ZIJIN et al. [18] executed in TCGNet for crop yield prediction in multi-model fusion. The model had high computational complexity of TCGNet increases training time, but this proposed model used for features integrated in WA-MLP model reduced the computational complexity. The machine learning model used for crop yield prediction and time-series satellite data analysis are presented in Ishaq et al. [19]. However, real-time analysis for prediction in this method is struggles, but this proposed model is used for spatial and temporal analysis use in real time analysis for prediction analysis.  Soybean yield prediction in multisource and multitemporal Remote Sensing Data for deep learning model are presented in Jian et al. [20]. Furthermore, this method increasing the computation complexity cost for yield prediction, but this proposed model is reduced the computation complexity. Wang et al. [21] suggested for predicting plant growth development using the time series image analysis. However, this method is high complexity, and increasing cost for real-time analysis, but this proposed model in used for different feature extraction and combine the feature fusion model that used for reduced the complexity and real-time analysis. The proposed framework utilizes multi-temporal satellite data, including NDVI, EVI, soil moisture, and vegetation indices, which are pre-processed through atmospheric correction, cloud masking. Table 3 presents the approach compared to previous techniques.
Table 3: Performance validation based on the presented approach compared to previous techniques.
	Author and reference
	Model
	MSE

	Jiang et al. [17]
	AMDNN
	0.14

	ZIJIN et al. [18]
	TCGNet
	20.03 

	Ishaq et al. [19]
	GR-WYPM
	-

	Jian et al. [20]
	BiHGRU
	3.4773 

	Wang et al. [21]
	ST-LSTM
	3.7778 

	Proposed model 
	WA-MLP
	3.895





5. Conclusion 
In this paper concluded as, artificial intelligence based framework for crop yield prediction using multi-temporal satellite data in precision agriculture. In this research aim to develop a spatial and temporal used for vegetation trends and environmental interactions over time, enabling accurate crop yield Convolutional Dense EfficientNet with Axial attention to capture spatial patterns to provide, Bidirectional coordinate attention based long short layer enclosed Absolute Transformer Encoder model extracts the temporal dynamics of crop growth across seasons. In this features are integrated that feature fusion model for weighted attention based multilayer perceptron that provide a prediction results. However, the result shows that the proposed framework improved in MSE analysis by 3.895, R2 analysis by 0.9805, MAE analysis by 1.85, RMSE analysis by 1.85, RAE analysis by 0.0195, using crop yield prediction are respectively. These performance enhancement shown that proposed approach has advantages over other current studies in multimodal crop yield prediction analysis. In future, this proposed framework would be extended on diverse datasets to demonstrate the feasibility. Prediction and effective support for precision agriculture applications. The initial stage of collecting the dataset in CropNet prediction in different ways for data and image. After that, pre-processing using Anisotropic Mean filter and normalization, this filter are reduced the noise and spectral image. Following that, feature extraction using  
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