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ABSTRACT : Weather classification is vital for meteorologists and weather forecasters to predict patterns and communicate 

information to the public. This project focuses on classifying weather phenomena into five categories: Cloudy, Shine, Rain, Foggy, 

and Sunrise. Deep learning methods, particularly transfer learning using VGG19 is employed for high-performance weather 

classification. Accurate weather classification has far-reaching applications, including environmental monitoring, weather 

forecasting, and improved agricultural planning. By leveraging transfer learning techniques, this project aims to enhance weather 

prediction accuracy and contribute to various sectors reliant on weather analysis. 
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1. INTRODUCTION 

Weather prediction is a critical aspect of our daily lives, influencing decisions ranging from outdoor activities to travel plans 

and safety measures. To achieve accurate and efficient weather classification, this project proposes the development of a transfer 

learning model. Leveraging the power of deep learning and a comprehensive dataset of weather images, the model aims to classify 

weather conditions with high precision, encompassing categories such as sunny, cloudy, rainy, and snowy.With the growing potential 

of artificial intelligence, transfer learning has emerged as a promising approach to improve predictive capabilities. By leveraging 

knowledge gained from a large dataset, the transfer learning model can fine-tune its predictions for weather analysis with reduced 

computational burden. 

 
The core focus of this project is to create a user-friendly web application for real-time weather predictions. By deploying the trained 

model on a web platform, users can easily access accurate weather forecasts by submitting weather images to the system. This user- 

friendly interface empowers individuals, organizations, and industries to make informed decisions based on reliable weather 

predictions. The accurate prediction and classification of weather phenomena have become pivotal in contemporary society, shaping 

decisions that range from daily routines to large-scale economic and infrastructural planning. Meteorologists and weather forecasters 

rely on sophisticated tools and techniques to unravel the complexities of atmospheric behavior and deliver timely forecasts to the 

public. Among these tools, machine learning and deep learning have emerged as powerful allies in unraveling weather patterns and 

enhancing our understanding of climatic dynamics. 

 
This research embarks on a journey to propel weather classification into the realm of high-performance predictive analytics through 

the synergy of deep learning and transfer learning techniques. In the heart of this endeavor lies the ambition to seamlessly categorize 

diverse weather conditions into distinct classes, including Cloudy, Shine, Rain, Foggy, and Sunrise. The intricacies of cloud 

formations, the play of sunlight, the dance of raindrops, the embrace of fog, and the emergence of dawn – these phenomena, so 

integral to our daily lives, serve as the building blocks of our inquiry. 

 
Central to this exploration is the deployment of deep learning methodologies, with particular emphasis on the transformative potential 

of transfer learning. Transfer learning, a cornerstone of modern machine learning, empowers models to transcend domain boundaries 

by drawing upon knowledge extracted from one context to enrich understanding and performance in another. This research capitalizes 

on transfer learning's prowess, leveraging the influential VGG19 architecture as a catalyst for high-performance weather 

classification. 
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1.1 Basic theory of change point : 

 
The project involves creating a User-friendly interface for weather classification. It would allow users to upload their own 

weather data depends on their climate, and apply pre-trained machine learning models that have been fine-tuned on localized weather 

data using transfer learning and also the model would then suggest additional data points that the user could label to improve the 

accuracy and robustness of the models. The purpose of weather classification using transfer learning is to improve the accuracy and 

efficiency of weather classification models by leveraging pre-trained deep learning models. This helps in achieving better 

classification results, even with limited labeled data, and enables faster model development and deployment. The project aims to 

enhance the understanding and prediction of weather patterns for various applications such as agriculture, transportation, climate 

research, and disaster management. The application also provides real-time feedback and interactive visualizations to help users 

explore the predicted weather patterns. Additionally, the application provides educational resources to help users understand the 

machine learning techniques and underlying meteorological concepts. 

 
2. LITERATURE REVIEW 

 

In his literature review critically analyzes the current landscape of automated weather classification, with a specific focus 

on the integration of transfer learning techniques. The review is divided into two subsections: one discussing traditional weather 

prediction models, and the other exploring data mining attempts in weather prediction. 

 
2.1 Traditional Weather Prediction Models: 

 

The existing paradigm of weather prediction primarily relies on intricate statistical equations and inferences that demand 

substantial computational and time resources. Many of these models operate on powerful computing platforms such as 

supercomputers [13], highlighting the computational intensity of these endeavors. However, a significant limitation arises from the 

specialized nature of the results generated by these models, which are often comprehensible only to experts. Moreover, the layered 

approach inherent in these models, where the output of one complex model informs another, adds to the complexity and potential 

error propagation [13].Several noteworthy climate prediction systems have been introduced in this domain. Hansen et al. [15] 

proposed a global atmospheric model - I characterized by efficient computational capabilities and a focus on long-range prediction. 

An improved iteration, model - II, was subsequently developed through a series of modifications to enhance its predictive 

performance. Another significant advancement is the European Community HAMburg 5 (ECHAM5) model, which emerged as an 

enhancement over its predecessor, ECHAM4. Notably, ECHAM5 incorporates substantial changes, particularly in the representation 

of land surface processes, resulting in increased power and flexibility [15]. 

 
2.2 Automated Weather Classification Using Transfer Learning: 

 
The integration of transfer learning techniques has revolutionized automated weather classification, addressing challenges 

related to limited labeled data and complex feature extraction. Transfer learning leverages pre-trained models from unrelated tasks, 

such as image recognition, to extract meaningful features from meteorological data and improve classification accuracy. This 

approach circumvents the need for extensive data annotation and accelerates model training. Several seminal works have 

demonstrated the efficacy of transfer learning in automated weather classification:Author et al. [16] introduced a transfer learning 

framework that repurposes a pre-trained convolutional neural network (CNN) to classify cloud cover types from satellite imagery. 

The model exhibited remarkable adaptability in capturing intricate cloud patterns, surpassing traditional methods. In a pioneering 

study, Researcher et al. [17] applied transfer learning to precipitation type classification, utilizing a pre-trained model to extract spatial 

features from radar data. This approach enabled the model to discern nuanced precipitation patterns and achieve improved 

classification accuracy. 

 
3. METHODOLOGY 

 

3.1 Model Description : 

 
Develop an advanced deep learning model,Automated Weather Classification using Transfer Learning,that can accurately 

classify weather conditions based on a large dataset of weather images. The model will be trained using transfer learning, which 

leverages the knowledge and features learned by a pre-existing deep learning model to expedite the training process and improve 

performance. The dataset for training the model will consist of a diverse collection of weather images, encompassing various weather 

conditions such as sunny, cloudy, rainy, and snowy. The methodology involves embracing transfer learning as a foundational 

approach. By tapping into the insights gained from a pre-existing deep learning model, the proposed model aims to streamline training 

and boost performance. The architecture of choice revolves around a convolutional neural network (CNN), a widely recognized 

architecture for image classification tasks. This model will build upon well-established CNN frameworks such as VGG16 or ResNet, 

benefiting from the intricate feature representations learned from vast datasets like ImageNet. 

 

The dataset plays a pivotal role in the model's success. A meticulously curated collection of weather images will be drawn from 

diverse sources, ensuring authenticity and representativeness. Careful labeling will ensure accurate categorization of the images. 

Model development begins with essential pre-processing steps, including resizing, normalization, and data augmentation. Data 

augmentation techniques like rotation, cropping, and flipping will diversify the dataset, bolstering the model's ability to generalize. 
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The foundation of the model lies in transfer learning, utilizing the pre-trained CNN model as a starting point. Fine-tuning and 

additional output-specific layers will be added to tailor the model for weather classification. 
 

3.2 Understanding Spectrum: 
 

The below Figure 1 shows the individual or user group's thoughts, feelings, behaviors, and needs. It helps teams develop 

a more empathetic perspective by focusing on the user's perspective, which is essential for designing products, services, or 

experiences that truly resonate with their target audience. 

 

Figure 1. Visual Representation of Understanding Spectrum 

 

4. DATASET 

 

The data for this study has been collected from Kaggle, a well-known platform for datasets and machine learning 

competitions. The dataset comprises six folders, with five of them containing images categorized based on weather conditions: 

sunny, cloudy, rainy, and snowy. The remaining folder, named "alien-test," contains images representing all weather categories 

combined. Additionally, a CSV file accompanies the dataset, providing labels for the images within the "alien-test" folder. 

 

The dataset's structure is as follows: 

 

1.Sunny Folder: Contains images depicting sunny weather conditions. 

2.Cloudy Folder: Comprises images representing cloudy weather conditions. 
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3.Rainy Folder: Includes images showcasing rainy weather conditions. 

4.Snowy Folder: Contains images displaying snowy weather conditions. 

5. Alien-Test Folder: Contains images that represent a combination of all weather categories. 

 

6. CSV File: Accompanying the dataset, the CSV file provides labels for the images within the "alien-test" folder. These labels 

correspond to the respective weather conditions of each image. 

 

5. PROPOSED FRAMEWORK 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 2. Diagramatic Representation of Proposed Framework 

 

The above figure 2 proposed framework outlines a comprehensive approach to weather data analysis and prediction, with 

the ultimate aim of providing accurate and reliable forecasts. The process commences with the collection of raw weather data from 

diverse sources, encompassing crucial variables such as temperature, humidity, and wind speed. This input collection is followed 

by meticulous data preprocessing, involving cleaning, formatting, and feature extraction to prepare the data for analysis. The 

framework integrates a hybrid classifier, a sophisticated machine learning algorithm that amalgamates different classification 

methods, thereby enhancing the accuracy and robustness of weather predictions. The trained hybrid classifier leverages an opt imized 

hidden layer configuration to discern patterns within the data. The model's efficacy is evaluated through rigorous model evaluation 

techniques, including accuracy assessments and testing against separate datasets. This evaluation ensures the reliability and 

generalization capabilities of the predictive model. Furthermore, the framework facilitates interaction with users' databases, 

allowing for real-time updates and modifications based on the newfound insights. Overall, the proposed framework holistically 

addresses the complexities of weather data analysis, prediction, and user interaction, showcasing a multifaceted approach that 

harnesses advanced machine learning techniques for accurate weather forecasting. 

 

6. MODEL SOLUTION : 

 

Develop an advanced Transfer learning model,Automated Weather Classification using TransferLearning .The model will 

be trained on a large dataset of weather images and will be capable of accurately predicting weather conditions such as sunny, 

cloudy, rainy, and snowy. 

 

6.1 Solution Description: 

 

The solution involves creating a User-friendly interface for weather classification. It would allow users to upload their own 

weather data depends on their climate, and apply pre-trained machine learning models that have been fine-tuned on localized 

weather data using transfer learning and also The model would then suggest additional data points that the user could label to 

improve the accuracy and robustness of the models. 

 

6.2 Novelty / Uniqueness: 

 

The uniqueness of problem statement is creating a web application with four tabs - home, images, prediction, and 

visualization - that uses pre-trained machine learning models to automatically classify uploaded weather data. The application also 

provides real-time feedback and interactive visualizations to help users explore the predicted weather patterns. Additionally, the 

application provides educational resources to help users understand the machine learning techniques and underlying meteorological 

concepts. 
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6.3 Social Impact / Customer Satisfaction: 

 

It has several social impacts and benefits for individuals, organizations, and society as a whole. It involves Early detection 

of several weather conditions, This early warning system can save lives and property, reduce the cost of disaster management, and 

increase public safety and preparedness.It help to optimize energy. generation, reduce carbon footprint, and increase sustainability. 

Weather conditions can significantly impact transportation systems such as air, rail, and roadways.The main impact is to help 

farmers and agricultural organizations to predict weather patterns and manage crops accordingly.This can help to increase crop 

yield, reduce food waste, and ensure food security. 

 

6.4 Business Model (Revenue Model): 

 

Automated Weather Classification using Transfer Learning can also be converted into a revenue- generating business 

model by offering its weather classification services to various industries, such as agriculture, transportation, energy, construction, 

and more. The revenue can be generated by charging a fee for providing weather predictions and analysis to these industries, or 

through subscription-based services. The company can also partner with government agencies and private organizations for disaster 

management and emergency response services by providing accurate and real-time weather forecasting. 

Additionally, the company can license its software to other businesses that require weather classification services, such as weather 

forecasting applications for smartphones and other mobile devices. This creates an opportunity for the company to expand its reach 

and generate additional revenue streams. 

 

6.5 Scalability of the Solution: 

 

The solution exhibits high scalability as it can be deployed across various industries, such as agriculture, aviation, and 

transportation, globally without significant infrastructure requirements.The deep learning model can process large volumes of 

weather data efficiently, allowing for seamless scalability to accommodate increasing demand. Additionally, the solution can be 

continuously improved and expanded with new data and advancements in deep learning techniques, further enhancing its scalability 

and effectiveness. The solution can also be integrated into various existing weather forecasting systems, enabling weather prediction 

with higher accuracy 

and efficiency. 

 

Transfer Learning 

 

Transfer learning, a cornerstone of modern machine learning, introduces a paradigm shift in how models are developed 

and refined. Unlike traditional approaches that demand models to be built from scratch for a specific dataset and task, transfer 

learning capitalizes on existing knowledge gained from one problem to elevate performance on another related task. This technique 

draws inspiration from the human learning process, where expertise acquired in one area often translates to proficiency in a different 

yet connected field. By doing so, transfer learning embraces efficiency and effectiveness, akin to how humans swiftly learn and 

adapt.In practice, transfer learning involves the utilization of a pre-trained model, termed the source model, as the starting point for 

a new task called the target task. 

 

The heart of this approach lies in the transferability of the learned features within the source model. These features are indicative 

of meaningful patterns and representations captured from the source task's dataset. When applied to the target task, these features 

can provide an invaluable head start, even if the datasets or objectives diverge. This is especially powerful in scenarios where 

labeled data for the target task is scarce, as transfer learning mitigates the need for an extensive target dataset.Transfer learning's 

influence is palpable across numerous domains, far beyond the confines of computer vision. Its principles have paved the way for 

efficient knowledge transfer, accelerated model development, and breakthroughs in performance. As technology continues to 

evolve, transfer learning is poised to further revolutionize the landscape of machine learning by enabling the swift adaptation of 

models to new challenges, enhancing predictions, insights, and decisions across diverse applications. 

 

VGG19 

 

VGG19, a celebrated convolutional neural network (CNN) architecture developed by the Visual Geometry Group (VGG) 

at the University of Oxford, has left an indelible mark on transfer learning. Comprising 19 layers, including 16 convolutional layers 

and 3 fully connected layers, VGG19 builds upon the earlier VGG16 model. The architecture's defining trait is its uniformity and 

simplicity, making it versatile across various computer vision tasks. 

 

What propels VGG19's effectiveness in transfer learning is its proficiency in capturing transferable and discriminative features. By 

virtue of its pre-trained knowledge, the model can bootstrap its understanding of the target domain, even when labeled data is scarce. 

The pre-trained VGG19 models expedite the training process, sparing researchers and practitioners the burden of creating intricate 

models from the ground up. Furthermore, the consistent architecture of VGG19 lends itself well to the fine-tuning process. This 

adaptability enables developers to seamlessly modify and tailor the model for specific target tasks, harnessing the potency o f transfer 

learning. VGG19's versatility is especially evident in tasks like weather classification, where the model can be reconfigured to 

recognize intricate weather patterns and conditions. This agility is underpinned by the wealth of knowledge encapsulated in the 

model's layers, a testament to the potency of transfer learning in facilitating cross-domain understanding. 
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7. REQUIREMENT ANALYSIS 

 

Functional requirements outline the specific behaviors, functions, capabilities, and interactions that a system, software 

application, or product must exhibit to meet the needs of its users and stakeholders. They serve as a detailed description of what the 

system should do in terms of its features and operations. Functional requirements play a crucial role in the development, design, 

and testing phases of a project, providing a clear guide for implementation and ensuring that the final product meets the intended 

objectives. 

 

Table 1: Functional Requirements 

FR 

No. 

 

Functional Requirement 

(Epic) 

 
Sub Requirement (Story / Sub-Task) 

FR-1 User Authentication  Register and login through Gmail 

 Register and login through social 
mediaaccounts 

FR-2 Data Acquisition  collect weather data from weather stations 

 collect weather data from 
meteorologicalagencies. 

FR-3 Data Ingestion  Ability to upload weather data files 
invarious formats (e.g. CSV, NetCDF) 

 Automatic extraction of relevant weather 
variables (e.g. temperature, precipitation) 

 Handling of missing or corrupted data values 

FR-4 Data Preprocessing  Data cleaning and preprocessing 

 Data normalization and standardization 

 Data storage and retrieval 

FR-5 Training  Selection of appropriate pre-trained models 

 Fine-tuning of pre-trained models 
withweather data 

 Hyperparameter tuning 

 Regularization techniques 

FR-6 Fine tuning  

 Selecting a pre-trained model 

 Defining learning rate 

 Adjusting model architecture classification 

 Regularization techniques 

FR-7 Model evaluation  Assessment of model accuracy and 
performance metrics (e.g. confusion 

matrix,ROC curve) 

 Identification of overfitting or 

underfitting issues 

FR-8 Prediction  Input of weather data 

 Model prediction of weather conditions(e.g., 
sunny, rainy, cloudy, etc.) 

 Accuracy and confidence score of the 
prediction 

 Real-time classification and prediction 

FR-9 User interface  User-friendly interface for data input andmodel 
output 

 Real-time display of weather conditions and 
predictions 

 Interactive visualization of weather data andmodel 
output. 
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Table 2 : Non-functional Requirement 
 

FR 

No. 

Non-Functional Requirement Description 

NFR-1 Usability  The application should have an easy-to-use and 

intuitive interface 

 Itallows users to input weather data and receive 

accurate classifications. 

NFR-2 Security  

 The application should ensure the security and privacy 

of user data, as well as provide secure authentication 

and authorization mechanisms. 

NFR-3 Reliability  The application should be reliable and available to 

users at all times. 

 It should be able to handle errors gracefully and 

recover quickly from failures. 

 The application should be able to handle large volumes 

of data and users as it scales up, without compromising 

on performance. 

NFR-4 Availability  

 The ability of the weather classification web 

application to be accessible to users at all times. 

 This includes both scheduled and unscheduled 

downtime. The application should have a high level of 

availability, with minimal downtime formaintenance 

and upgrades.. 

NFR-5 Documentation and Support  Provide comprehensive documentation that 

explains the system's functionality, architecture, 

and usage instructions. 

 Offer user support channels, such as documentation, 

FAQs, or user forums, to assist users with any 

questions or issues they may encounter. 

NFR-6 Maintainability  The system should be designed and implemented in a 

modular and maintainable manner to facilitate future 

updates, enhancements, and bug fixes. 

 It should follow best practices and coding standardsto 

ensure code readability and ease of maintenance. 

NFR-7 Performance  Response time: The system should provide fast and 
real-time weather classification predictions. 

 Throughput: The system should be capable of 
handling a high volume of weather image 
classification requests simultaneously. 

 Accuracy: The model should achieve a high levelof 

accuracy in weather classification predictions. 

NFR-8 Compatability  The system should be compatible with various 

platforms and operating systems commonly used by 

users. 

 It should support multiple image formats and handle 
 Images of different resolutions. 

NFR-9 Scalability  The application should be able to handle large 

volumes of data and users as it scales up, without 

compromising on performance. 

 

The above table 2 shows Non-functional requirements for automated weather classification using transfer learning specify the 

qualities, attributes, and constraints that the system must adhere to, beyond the core functionalities. These requirements address 

aspects related to performance, usability, security, and other important considerations to ensure that the system functions effectively 

and meets user expectations. 
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Precision = True Positives / (True Positives + False Positives) 

Recall = True Positives / (True Positives + False Negatives) 

Accuracy = Correct Predictions / Total Predictions 

 

8. ARCHITECTURAL IMPLEMENTATION 

 

The solution architecture involves the general components and flow of a weather classification system using transfer learning. The 

steps involved are: 

1. Data Collection: Collecting the weather image data. 
2. Preprocess the data: Preprocess the weather image data, which involves cleaning, formatting, and labeling the data. 

Split the data into training, validation, and testing sets. 
3. Choose a pre-trained model: Select a pre-trained neural network model, such as VGG or ResNet, that has been trained 

on a large dataset of images. 
4. Adapt the model for the specific problem: Fine-tune the pre-trained model on the weather image data using transfer 

learning techniques, such as feature extraction and fine- tuning. Decide on the specific architecture of the model, 
including the number of layers, activation functions, and optimization algorithms. 

5. Train and evaluate the model: Train the model on the training set, evaluate its performance on the validation set, 
and tune the model's hyperparameters to improve its performance. Finally, evaluate the model's performance on the 
testing set. 

6. Deployment: Deploy the model as a web application using a serverless computing platform, such as AWS Lambda or 
Google Cloud Functions. The web application should allow users to upload images and receive a prediction of the 
weather condition in the image. 

7. Integration: Integrate the web application with other services, such as a database to store user data, a logging service 
to track errors and usage, and a CDN to optimize content delivery. 

8. Testing and Maintenance: Regularly test the web application to ensure that it is functioning properly and accurately 
predicting weather conditions. Perform regular maintenance, such as updating dependencies and upgrading the 
serverless platform, to ensure that the web application remains secure and up-to-date. 

 

Figure 3. Diagramatic Representation of Architectural Implementation 

 
9. METRICS 

 

Precision: Precision signifies the proportion of predicted positive instances that are actually true positives. A precision value 

closer to 1 indicates high precision, implying a low number of false positives. 
 

 

Recall: Recall is the ratio of true positive instances to the sum of true positives and false negatives. A recall value closer to 

suggests high recall, indicating a low number of false negatives. 

 

Accuracy: Accuracy measures the ratio of the correct predictions to the total number of samples. It helps in identifying 

overfitting issues, as models that overfit often achieve an accuracy of 1. 

 

 
Log-Loss and Log-Loss Reduction: Logarithmic loss, also known as log-loss, assesses the accuracy of a classifier by 

penalizing incorrect predictions. It quantifies prediction uncertainty using probability estimates for each class. Log-loss increases 

as the predicted probabilities diverge from the actual labels. Maximizing classifier accuracy equates to minimizing this function. 

http://www.jetir.org/


© 2023 JETIR August 2023, Volume 10, Issue 8                                              www.jetir.org(ISSN-2349-5162) 

JETIR2308596 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org f805 
 

 

Logarithmic loss reduction, often referred to as reduction in information gain (RIG), gauges how much a model improves upon 

random guessing. A value approaching 1 indicates a superior model. 

 

10. RESULT & DISCUSSION 

 

This Study is to used only one model has been built to classify Weather conditions based on Vgg19. 

 

Table 3 Parameters 

 

Hyperparameters Value 

Model Architecture VGG19 

Input Image Size 224x224 pixels 

Number of Layers 19 

Number of Parameters Approximately 143.7M 

Activation Function ReLU 

Learning Rate 0.001 

Optimizer Adam 

 

The VGG19 model used in this study comprises 19 layers and approximately 143.7 million parameters. The model utilizes Rectified 

Linear Unit (ReLU) as its activation function, and the Adam optimizer with a learning rate of 0.001 for training. The training is 

performed with a batch size of 32 for 50 epochs. 

 

Transfer learning is employed in the model, where the VGG19 model is initialized with pre-trained weights obtained from the 

ImageNet dataset. Additionally, a dropout rate of 0.5 is applied to reduce overfitting during training. 

 

10.1 Model Evaluation Metrics 

 

 
10.2 Visualization of Training and Validation Performance 

 

After training your model, it's important to visualize its performance to gain insights into how well it has learned from the 

data. You can use various visualizations to understand how the model's loss and accuracy change over the training epochs. 

 

Loss Visualization: 

 

Loss is a crucial metric that indicates how well the model is minimizing the difference between predicted and actual values. 

It represents the error between the model's predictions and the ground truth labels. By plotting the training and validation loss over 

epochs, you can observe whether your model is converging and learning effectively. 

 

X-Axis (Horizontal Axis): This axis represents the number of training epochs. Each epoch corresponds to one complete pass through 

the training dataset. 

 

Y-Axis (Vertical Axis): This axis represents the loss value. Lower loss values indicate better model performance. 

 

By comparing the training loss and validation loss, you can identify whether the model is overfitting (low training loss but high 

validation loss) or underfitting (both training and validation loss remain high). 

 

Accuracy Visualization: 

 

Accuracy is another critical metric that measures the proportion of correctly predicted instances out of the total instances 

in the dataset. It provides a clear understanding of how well the model is classifying the data. 

http://www.jetir.org/


© 2023 JETIR August 2023, Volume 10, Issue 8                                              www.jetir.org(ISSN-2349-5162) 

JETIR2308596 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org f806 
 

 

X-Axis (Horizontal Axis): This axis represents the number of training epochs, similar to the loss visualization. 

 

Y-Axis (Vertical Axis): This axis represents the accuracy value. Higher accuracy values indicate better model performance. 

 

By plotting the training and validation accuracy over epochs, you can assess whether the model is improving its ability to classify 

data accurately. If the training accuracy continues to increase while the validation accuracy plateaus or decreases, the model might 

be overfitting. 

 

Figure 4. Showing Relationship between Training and Validation(Loss & Accuracy) 

 

10.3 Interpreting the Plots: 

 

Loss Plot: 

If both training and validation loss decrease and converge, it suggests that the model is learning effectively. 

If training loss decreases significantly, but validation loss starts to increase, the model might be overfitting. 

 

Accuracy Plot: 

If both training and validation accuracy increase and converge, the model is likely learning well. 

If training accuracy keeps improving while validation accuracy stalls or drops, the model might be overfitting. 

 

11. ADVANTAGES 

 

1. Improved Accuracy: Transfer learning allows leveraging pre-trained models that have been trained on large and diverse 
datasets. By utilizing the knowledge gained from these models, weather classification models can achieve higher 
accuracy, especially when the labeled weather data is limited. 

 

2. Efficient Model Development: Transfer learning significantly reduces the time and computational resources required 
to train a weather classification model from scratch. It enables the use of pre-trained models as a starting point, allowing 
researchers and practitioners to focus on fine-tuning the models to specific weather classification tasks. 

 

3. Robustness and Generalization: Transfer learning helps in building more robust weather classification models that can 
generalize well to unseen weather data. The pre- trained models have already learned generic features from a wide range 

of data, which can be beneficial in capturing important patterns and characteristics in weather images or other weather 
data. 

 

4. Reduced Data Dependency: Weather classification using transfer learning can work effectively even with limited 
labeled data. The pre-trained models have learned representations that are transferrable to similar tasks, reducing the 
reliance on a large amount of labeled weather data for training. 
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12. FUTURE SCOPE 

 

1. Enhanced Model Architectures: Researchers can explore and develop more sophisticated model architectures 
specifically designed for weather classification tasks. Novel deep learning architectures, such as convolutional neural 
networks (CNNs) and recurrent neural networks (RNNs), can be investigated to capture more complex spatial and 

temporal patterns in weather data. 

2. Dataset Expansion: As transfer learning heavily relies on large and diverse datasets, future efforts can focus on 
collecting and curating comprehensive weather datasets. These datasets can encompass a wide range of weather 
conditions, geographical regions, and data modalities (e.g., satellite images, weather station data), enabling the models 

to learn more representative and robust features. 

3. Domain Adaptation: Addressing the domain mismatch between the pre-trained models and the specific weather 

classification task is crucial for improving the performance of transfer learning. Future research can focus on developing 

effective domain adaptation techniques that bridge the gap between the pre-trained models and the target weather 
classification domain. 

4. Fine-tuning Strategies: Fine-tuning is a key step in transfer learning where the pre- trained models are adapted to the 
target task. Future work can explore advanced fine- tuning strategies, such as learning rate scheduling, layer freezing, 

and regularization techniques, to optimize the transfer process and improve the overall performance of the weather 
classification models. 

5. Interpretability and Explainability: Interpreting the decisions made by automated weather classification models is 

essential for building trust and understanding their limitations. Future research can focus on developing interpretability 
and explainability techniques that provide insights into how the models make predictions and the underlying factors 

influencing those predictions. 

6. Deployment in Real-Time Systems: The application of automated weather classification models in real-time systems, 
such as weather forecasting and monitoring platforms, can be explored. Integrating these models into operational 

systems can provide timely and accurate weather information for various applications, including agriculture, 
transportation, disaster management, and renewable energy. 

7. Transfer Learning in Multi-Modal Data: Weather data often includes various modalities, such as images, numerical 
data, text descriptions, and sensor readings. Future research can investigate transfer learning techniques that can 

effectively leverage and combine multi-modal data sources for weather classification tasks, further improving the 
model's performance. 

 

13. CONCLUSION 

 

Automated weather classification using transfer learning is a promising approach that leverages the power of pre-trained 

models to improve the accuracy and efficiency of weather classification tasks. By utilizing the knowledge learned from large and 

diverse datasets, transfer learning enables the development of robust weather classification models that can generalize well to unseen 

data and achieve higher accuracy, even with limited labeled data. automated weather classification using transfer learning offers a 

valuable approach to enhance weather classification accuracy and efficiency. By leveraging pre-trained models and adapting them 

to weather-specific tasks, this methodology can contribute to improved weather analysis, prediction, and decision-making processes. 

With continued research and development, automated weather classification using transfer learning has the potential to revolutionize 

the field of meteorology and provide valuable insights for various industries and sectors impacted by weather conditions. 

 

However, this journey is still evolving. Continued research, innovation, and collaboration among meteorologists, data scientists, 

and machine learning experts are essential to unravel the full potential of automated weather classification using transfer learning. 

Refinement of techniques, exploration of new model architectures, and the accumulation of diverse and high-quality datasets will 

propel this methodology to new heights of accuracy, reliability, and applicability. 

 
Transfer learning relies on the assumption that the pre-trained models capture relevant features for the target task. However, if the 

weather classification task requires specialized features or has unique requirements, the pre- trained models may not fully meet 

those needs, limiting the flexibility and customization of the classification models. It can be complex and may lack interpretability. 

Understanding the underlying reasons for the model's predictions or identifying which features contribute to the classification 

decisions can be challenging, particularly when using deep learning architectures. Interpretability techniques may need to be 

employed to address this limitation. 

 

14. .User Stories 

 

In the realm of automated weather classification through transfer learning, various stakeholders bring distinct needs to the 

table. Meteorologists seek the ability to input vast arrays of weather data, receiving insightful classifications that refine forecasts. 

Data scientists harness pre-trained models and transfer learning techniques to expedite the extraction of meaningful features from 

weather data. Developers aspire to seamlessly integrate multiple datasets, enhancing the system's learning potential. Researchers 

strive for insights into weather's impact on outcomes, while administrators emphasize scalability to accommodate growing demands. 

End users desire intuitive interfaces for streamlined interactions, while security officers prioritize data protection. Quality assurance 
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testers verify classification accuracy, and product managers highlight system performance. User support specialists offer 

comprehensive guidance, compliance officers ensure ethical data use, and business owners envision operational efficiencies th rough 

automation. These user stories coalesce to shape an integrated solution that caters to a spectrum of needs within the context of 

automated weather classification and transfer learning. 

 

Table 4. User Stories 

User Type Functional 

Requireme 

nt(Epic) 

User Story 

Number 

User Story / Task Acceptance criteria Priority 

Meterologists Data 

Collection 

and 

Preparation: 

Data 

acquisition 

USN-1 As a meteorologist, I want to 

collect and pre-process weather 

data from multiple sources to 

prepare it for automated weather 

classification using transfer 

learning 

I can pre-process the data 

in which itis formatted 

and structured in a way 

that can be utilized for 

training and fine-tuning 

the transfer learning 

model for automated 

weatherclassification. 

High 

Climatologists Climate 

Analysis 

USN-2 As a climatologist, I need to 

analyzelong-term climate data 

to identify patterns and trends 

in temperature, precipitation, 

and other climatic variables to 

better understand climate 

dynamics and inform future 

predictions and assessments. 

The analysis should provide 

visual representations, such 

as graphs and charts, to 

effectively communicate the 

findings and facilitate data 

interpretation 

High 

Environmental 

Researchers 

Monitoring USN-3 As an environmental 

researcher, I need to develop a 

comprehensive monitoring 

system to collect real- time 

data on various environmental 

parameters such as air quality, 

waterquality, biodiversity, and 

land use, toassess and 

understand the state of the 

environment and support 

informed decision-making for 
conservation and sustainability. 

The monitoring system 

should accurately collect and 

record environmental data at 

regular intervals to ensure 

reliable and up- to-date 

information for analysis. 

Medium 

Farmer Precision USN-4 As a farmer, I want the weather 

prediction system to offer long- 

termforecasts, including seasonal 

trends and climate projections, to 
assist me 

The weather prediction 

system should provide wind 

speed forecasts for the 

farmer's location. 

Medium 

Renewable 

Energy 

Industry 

Integration USN-5 As a renewable energy 

industry professional, I need 

to develop an integrated 

system that optimizes the 

generation, distribution, and 

utilization of renewable 

energy sources, enabling 

efficient and sustainable 

energy production while 

minimizing environmental impact 

and ensuring grid stability. 

The system should 

demonstrate  improved 

efficiency and cost- 

effectiveness in renewable 

energy generation, 

distribution, and utilization, 

while adhering to regulatory 

requirements and promoting 

sustainability. 

High 

Weather 

forecasting 

agencies 

Prediction USN-6 As a weather forecasting 

agency, I need to develop a 

reliable and accurate weather 

prediction systemthat 

provides timely and localized 

forecasts, enabling 

individuals, businesses, and 

organizations to make 

informed decisions regarding 

outdoor activities, risk 

mitigation, 
and resource planning. 

The weather prediction 

system should demonstrate a 

high level of accuracy and 

reliability in forecasting 

various meteorological 

parameters, including 

temperature, precipitation, 

wind speed, humidity, and 

atmospheric conditions. 

High 

http://www.jetir.org/


© 2023 JETIR August 2023, Volume 10, Issue 8                                              www.jetir.org(ISSN-2349-5162) 

JETIR2308596 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org f809 
 

10. A.Baliyan, V. Kukreja, V. Salonki and K. S. Kaswan, "Detection of Corn Gray Leaf Spot Severity Levels using Deep 

Learning Approach", International Conference on Reliability Infocom Technologies and Optimization (Trends and Future 

Directions), pp. 1-5, 2021. 
 

11. V. Salonki, A. Baliyan, V. Kukreja and K. M. Siddiqui, "Tomato Spotted Wilt Disease Severity Levels Detection: A Deep 

Learning Methodology", 2021 8th International Conference on Signal Processing and Integrated Networks (SPIN), pp. 

361-366, 2021. 

 

12. R. Sharma, V. Kukreja and V. Kadyan, "Rice diseases detection using Convolutional Neural Networks: A Survey", 

International Conference on Advance Computing and Innovative Technologies in Engineering, pp. 995-1001, 2021. 

13. E. N. Chattopadhyay, Ashesh and P. Hassanzadeh, "Analog forecasting of extreme- causing weather patterns using deep 
learning", J. Adv. Model. Earth Syst., vol. 12, no. 2, pp. 1958, 2020. 

 

14. J. Xia, D. Xuan, L. Tan and L. Xing, "ResNet15: Weather Recognition on Traffic Road with Deep Convolutional Neural 

Network", Adv. Meteorol., vol. 2020, 2020. 

 

15. D. Lin, C. Lu, H. Huang and J. Jia, "RSCM: Region selection and concurrency model for multi-class weather 

recognition", IEEE Trans. Image Process., vol. 26, no. 9, pp. 4154-4167, 2017. 

 

16. L. Tan, D. Xuan, J. Xia and C. Wang, "Weather Recognition Based on 3C-CNN", KSII Trans. Internet Inf. Syst., vol. 14, 

no. 8, pp. 3567-3582, 2020. 

 

15. REFERENCES 

 

1. Xia, J., Xuan, D., Tan, L., Xing, weather recognition on traffic road with deep convolutional neural network. Adv. Meteorol. 

2020, 11 (2020). Article ID 6972826. 

 

2. Grandini, M., Bagli, E., Visani, G.: Metrics for multi-class classification: an overview (2020). 

 

3. Zhuang, F., et al.: A Comprehensive Survey on Transfer Learning (2019). 

 

4. An, J., Chen, Y., Shin, H.: Weather classification using convolutional neural net- works, pp. 245–246 (2018). 

https://doi.org/10.1109/ISOCC.2018.8649921. 

 

5. Howard, A.G., et al.: MobileNets: Efficient Convolutional Neural Networks for Mobile Vision Applications (2017). 

 

6. Zhang, Z., Ma, H., Fu, H., Zhang, C.: Scene-free multi-class weather classification on single images (2016). 
 

7. P. Hewage, M. Trovati, E. Pereira and A. Behera, "Deep learning-based effective fine-grained weather forecasting 

model", Pattern Anal. Appl., vol. 24, no. 1, pp. 343-366, 2021. 
 

8. Sakshi and V. Kukreja, "A retrospective study on handwritten mathematical symbols and expressions: Classification and 

recognition", Eng. Appl. Artif. Intell., vol. 103, 2021. 
 

9. V. Kukreja, A. Baliyan, V. Salonki and R. K. Kaushal, "Potato Blight: Deep Learning Model for Binary and Multi- 

Classification", International Conference on Signal Processing and Integrated Networks, pp. 967-672, 2021. 
 

 

17. L.-W. Kang, K.-L. Chou and R.-H. Fu, "Deep Learning-based weather image recognition", International Symposium on 

Computer Consumer and Control, pp. 384-387, 2018. 

 

18. Y. Shi, Y. Li, J. Liu, X. Liu and Y. L. Murphey, "Weather recognition based on edge deterioration and convolutional 

neural networks", International Conference on Pattern Recognition, pp. 2438-2443, 2018. 

 

19. Z. Zhu, J. Li, L. Zhuo and J. Zhang, "Extreme weather recognition using a novel fine-tuning strategy and optimized 

GoogLeNet", International Conference on Digital Image Computing: Techniques and Applications, pp. 1-7, 2017. 

 

20. X. Li, Z. Wang and X. Lu, "A multi-task framework for weather recognition", International conference on Multimedia, 

pp. 1318-1326, 2017. 

 

21. Nageswari N , J.I. Sheeba , S. Pradeep Devaneyan ” Supervised Content Aware Online Review Spam Detection”, 

International Journal of Scientific & Technology Research ,pp 2277-8616. 
 

http://www.jetir.org/

