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ABSTRACT:Classifying weather conditions from outdoor images can have various applications such as improving 

road safety, scheduling outdoor activities, and enhancing the reliability of vehicle assistant driving and outdoor video 

surveillance systems. However, traditional methods of weather classification involved the use of expensive sensors and 

extensive manpower, which were both time-consuming and tedious. Automating the task of weather classification from 

images can save time and resources. In this paper, we propose a framework for classifying weather images using 

transfer learning techniques. Our approach involves using pre-trained deep CNN models to learn features, thereby 

reducing the time required for classification. We also recognize that the size and quality of the training dataset are 

critical factors in the efficiency of the model. Therefore, we implemented our framework using the Spark platform, 

making it scalable for big datasets. We conducted extensive experiments on a weather image dataset, and our results 

demonstrate the reliability of our proposed framework. We concluded that weather classification using the InceptionV3 

model and Logistic Regression classifier yields the best results, with a maximum accuracy of 97.77%. Our framework 

has potential applications in various fields such as agriculture, aquaculture, transportation, tourism, etc. 

 
KEYWORDS : Weather classification, Outdoor image processing, Deep learning, Convolutional Neural Networks 

(CNNs), Big data, Logistic Regression 

 

I. INTRODUCTION 

Weather classification is a crucial task that involves classifying weather conditions by analyzing weather data. Accurate 

weather classification enables users to plan day-to-day activities, such as selecting appropriate clothing, scheduling 

outdoor travel or sports activities, and deploying solar technologies [1]. It also plays a critical role in other fields, 

including agriculture, where farmers can make informed decisions about using fertilizers or pesticides and controlling 

sprinkler systems based on outdoor weather conditions. Accurate weather classification can also improve the reliability 

of vehicle assistant driving and outdoor video surveillance systems [2]. 

Timely prediction of severe weather conditions can save lives and property by avoiding road accidents, train 

derailments, and ship collisions caused by severe weather conditions such as rain, fog, storm, and snow [3]. It can also 

assist in predicting natural calamities, thereby helping to save people's lives to a greater extent. Therefore, accurate and 

timely classification of weather images is of utmost importance to society and needs to be explored further by 

researchers and meteorologists. 

Convolutional Neural Network (CNN) has emerged as a popular deep learning architecture for classifying image 

datasets. It comprises multiple convolutional and pooling layers to create better hierarchical representation, with a Fully 

Connected Layer at the end for classification [4]. Researchers have developed various CNN variants such as ResNet, 

Inception V3, Exception, VGG-16, and VGG-19, etc. to enhance network accuracy [5]. 
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Images contain numerous features such as sky, shadow, reflection, haze, contrast, etc., which CNNs use for weather 

classification [6]. CNNs are adept at learning these features from images and use them to classify weather conditions 

accurately. 

In this paper, we propose a framework for classifying weather images based on transfer learning techniques. The 

framework utilizes features extracted from pre-trained deep CNN models for accurate weather classification. 

Automating the classification process with our proposed framework saves time and resources and improves reliability. 

Section II presents a literature review of weather image classification research. The limitations and challenges of 

existing technologies are discussed in Section III. Section IV provides a detailed description of the proposed 

framework. The hardware and software required to implement the framework are discussed in Section V. In Section VI, 

we present the experimental results of the framework. Finally, we conclude the paper with future work in Section VII. 

II. LITERATURE REVIEW 

In recent years, researchers have focused on addressing the challenges of weather classification due to the large size of 

the weather dataset. To process these datasets, big data technologies such as Hadoop and Spark have been employed. 

For example, Alam and Ajmad proposed an architecture for parallel and distributed processing of large weather 

datasets using Hadoop and MapReduce platforms [7]. In another study, Yang et al. utilized big data technology to 

implement a regression model for predicting weather conditions with a significant amount of weather data [8]. Ismail et 

al. developed a big data framework for predicting weather temperature using MapReduce technique, which 

demonstrated improved efficiency and scalability [9]. These studies demonstrate the importance of big data 

technologies for weather classification and the potential for improving its accuracy and reliability. 

 

Researchers have recently utilized big data technologies such as Hadoop and Spark to process large weather datasets 

for weather classification. For example, Alam and Ajmad proposed an architecture for parallel and distributed 

processing of big weather datasets using Hadoop and MapReduce platforms [7]. Yang et al. used big data technology to 

implement a regression model for predicting weather conditions using a large amount of weather data [8]. Similarly, 

Ismail et al. developed a big data framework for predicting weather temperature using the MapReduce technique, 

which showed improved efficiency and scalability [9]. 

 

In addition, Dhoot et al. utilized the ARIMA technique and Kalman filter to forecast the weather using a Spark 

framework, and found that the ARIMA model with Spark significantly reduced execution time [10]. Jayanthi and 

Sumathi also used Spark to analyze weather datasets using iPython notebook, which overcame the processing speed 

limitation of Hadoop [11]. Sudmant et al. studied the values and limitations of big data for fair weather prediction and 

emphasized the need for technological advances for sustainable development [12]. 

 

In the past, researchers have explored various neural network architectures for weather forecasting with promising 

results. Reddy and Babu surveyed different models and found that Feed Forward Neural Networks (FFNN) and Time 

Delay Recurrent Neural Networks (TDNN) were suitable for short-term and long-term forecasting, respectively [13]. 

Ren et al. also reviewed deep learning-based weather forecasting models and compared their performance with 

conventional NWP techniques [14]. 

 

In a review of neural networks for air temperature forecasting, Tran et al. found that Multi-Layer Perceptron (MLP), 

FFNN, Ward Style ANN, Radial Basis Function (RBF), Generalized Regression Neural Network (GRNN), and some 

deep learning networks were widely used and provided promising results [15]. Another study compared traditional and 

emerging techniques for weather forecasting and concluded that CART, Adaboost, and XGBoost were the best for 

classification, while Linear Regression performed better for prediction [16]. 

 

Sharma and Ismail implemented a 19-layer deep CNN using Keras and TensorFlow library for classifying weather 

images into four classes (rain, shine, sunshine, and cloud), and the model provided 94% accuracy [17]. Wang and Li 

applied the fusion of DenseNet and ResNet CNN for classifying weather images into nine classes and found that the 

output of the proposed integrated model was better than implementing the basic models alone [18]. Xiao et al. built a 

weather dataset comprising 6877 images of 11 different categories and proposed MeteCNN, a deep CNN model for 

classification. The proposed model achieved 92% accuracy, which was found to be superior to VGG19, VGG16, 

ResNet18, ResNet34, and MobileNet models [19]. 
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Elhoseiny et al. studied the CNN layer's performance for two pre-trained models, i.e., ImageNet-CNN and Weather-

Trained CNN, to classify weather images, and the proposed work outperformed state-of-the-art methods [20]. Ibrahim 

et al. proposed a WeatherNet framework that combines weather and visual conditions and comprises four parallel deep 

CNN models: NightNet to classify dawn, night, day, and dusk, GlareNet to classify glare and no glare, PrecipitationNet 

to detect clear, rain, and snow, and FogNet to detect fog and no fog [21]. Xia et al. introduced the ResNet-15 model to 

classify the "Weather-Dataset 4" dataset consisting of weather images into four classes and concluded that the proposed 

model performed better than the traditional ResNet50 model [22]. 

 

Dhananjaya et al. (2019) proposed the use of weather classification for autonomous driving by developing a dataset that 

categorized weather, light level, and street type into nine distinct classes. To reduce redundancy in the dataset, they 

implemented an active learning framework and utilized the ResNet50 network for classification[23]. 

 

Guerra et al. (2019) also developed a weather dataset consisting of 5500 images from five different categories and 

employed a convolutional neural network (CNN) for feature extraction using the Matlab and Caffe library. Their 

experimental results showed that the ResNet variants outperformed VGG and CaffeNet[24]. 

 

Matteussi et al. (2019) implemented a deep learning algorithm using the BigDL framework, Spark, and the Tensorflow 

library. Their study showed that ResNet had better speed compared to VGG, while LeNet achieved higher 

accuracy[25].Zhao et al. (2018) also used a CNN-RNN approach for multi-label weather recognition to extract 

correlated visual features. They extended the CNN model with an attention model for feature extraction and used the 

RNN model to model the dependency among labels. Their experimental results showed that the proposed model 

outperformed VGGNet[26]. 

 

Li et al. (2020) combined CNN features with other features such as haze, contrast, and brightness to construct a high-

dimensional vector for multi-class weather classification. The proposed model was found to be effective and 

inspiring[27]. 

 

Zhang and Ma (2018) proposed a multiple kernel learning (MKL) approach for multi-class weather image 

classification. Their results showed that the proposed technique outperformed SVM and AdaBoost[28]. 

 

Kang et al. (2019) presented a framework for weather image recognition to classify weather images into three 

categories: hazy, snowy, and rainy. They compared the performance of GoogleNet, Alexnet, and the multiple kernel-

based learning approach and found that GoogleNet slightly outperformed Alexnet[29]. 

 

Chen et al. (2016) proposed a weather recognition system using multiple kernel learning (MKL) and active learning 

techniques to automatically label weather images into three categories: sunny, cloudy, and overcast. The proposed 

system achieved better performance compared to other methods[30]. 

 

Lu et al. (2017) proposed a collaborative learning strategy to classify a dataset of 10,000 images into two categories: 

sunny and cloudy. Their proposed approach was compared with SVM, Adaboost, LLC, and ScSPM techniques, and the 

results demonstrated the efficiency of the proposed approach[31]. 

 

Chu et al. (2017) built a large-scale dataset to estimate weather from images and demonstrated the relationship between 

different visual and weather features. They implemented a random forest model to classify images into sunny, cloudy, 

and snowy classes, with satisfactory results. However, the model did not perform well for rainy and foggy classes[32]. 

 

Li et al. (2017) constructed a decision tree-based SVM classifier for extracting features to automatically acquire 

weather conditions from images using C++ and OpenCV[33]. 

 

Wang et al. proposed a novel method for multi-class weather classification that combined real-time weather factors 

with dark channel feature values extracted from images to build feature vectors [34]. They implemented the proposed 

model using the Adaboost classifier on a dataset of 5,000 images and demonstrated that the model outperformed other 

methods. Challa and Vaishnav applied transfer learning using pre-trained ResNet50 and DenseNet161 models for 

weather image classification [35]. 
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A review of the literature shows that Multiple Kernel Learning and pre-trained neural networks, such as AlexNet, 

ResNet, VGG, and GoogleNet, have been widely used for weather image classification by researchers. Additionally, 

big data frameworks such as Spark and Hadoop have also been explored for processing large datasets. 

 
III.METHODOLOGY 

 
Many of the current techniques for weather classification rely on expensive sensors and human observations, making 

them time-consuming and prone to errors. Numerical Weather Prediction (NWP) models offer an alternative but are 

expensive and require supercomputers for data processing [36]. Recent research has focused on using Convolutional 

Neural Networks (CNN) to classify weather conditions from images. However, this requires significant processing 

power and large datasets for training, as well as tuning of hyperparameters such as the number of convolutional and 

max-pooling layers, kernel size, and regularization techniques [37]. 

 

To address these issues, transfer learning has been applied to transfer knowledge learned from pre-trained deep CNN 

models to weather image datasets, reducing training time and eliminating the need for hyperparameter tuning. Transfer 

learning has been successfully applied in various applications, including natural language processing, sentiment 

classification, text classification, spam email detection, video classification, and drug efficacy classification [38]. 

However, existing weather classification techniques using transfer learning lack scalability and do not make use of big 

data technologies, which is important for processing the large size of weather images. Therefore, there is a need for a 

weather classification framework that can scale on multiple machines and support big weather image datasets  

 

 
Figure 1: Proposed framework for weather image classification 

 

The proposed weather image classification framework, which addresses the limitations of existing weather 

classification techniques, has been implemented using the Spark platform [39]. The framework consists of three steps: 

image loading, feature learning, and multi-class classification. The weather images are loaded into the Spark platform 

using the readSchema() method of the ImageSchema library, which creates a dataframe. The pre-trained deep CNN 

model is then used to automatically learn hierarchical feature representations from the image data. At this stage, the 

layers of the pre-trained model can either be frozen or some can be unfrozen and fine-tuned to learn the desired 

features. The learned features from the deep CNN models are then used as input to the classifier model, which classifies 

the outdoor weather image into its appropriate category. 

 

In the second step of the proposed framework, the feature learning was performed using five pre-trained deep CNN 

networks: InceptionV3, Xception, ResNet50, VGG16, and VGG19. The models were evaluated through experiments to 

determine which one achieved the highest accuracy. VGG16 and VGG19 are both 16 and 19 layered deep neural 

networks, respectively, while ResNet50 is a 50 layered deep Convolutional Neural Network. Inception V3 is a 42-layer 

deep neural network with the advantage of performing multiple different transformations, while Xception is a 71-layer 

deep neural network that incorporates depth-wise separable convolutions. In this case study, all the layers of the pre-

trained CNN models were frozen. 
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In the last stage of the proposed framework, one of two classifiers, Logistic Regression and Random Forests, was 

implemented for the classification of weather images. Logistic Regression is a supervised machine learning technique 

that uses a sigmoid activation function to solve classification problems. To reduce overfitting and generalization error, 

the Logistic Regression classifier was trained with elastic net regularization. Two hyperparameters needed to be 

optimized: alpha (α), which assigns weight to both L1 and L2 penalties, and lambda (λ), a regularization parameter that 
determines the balance between minimizing training error and model complexity. A model follows L2 regularization if 

α is 0, while a model follows L1 regularization if α is 1. 
 

Random Forests is a supervised machine learning technique that uses ensemble learning to combine the results of 

multiple weak decision trees to form a strong classifier. In this proposed framework, 10 different combinations of the 5 

pre-trained CNN models have been explored using the Sparkdl library, as shown in Figure 2. Through extensive 

experimentation, the CNN model and classifier that produced the highest accuracy for weather image classification 

were determined. 

 

 
 

Figure 2: Proposedarchitecture for weather classification 

 

IV. EXPERIMENTAL SETUP 

The proposed framework was evaluated using a multi-class weather image classification dataset available on 

Kaggle.com [40]. This dataset includes 1125 images categorized into four different classes: shiny,cloudy, rainy and 

sunrise. Examples of images from each class are shown in Fig. 3, and the target class categorization is presented in Fig. 

4. 

 
Figure 3:shiny,cloudy, rainy and sunrise 
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Figure 4:Categorization of target class 

 
The experimental setup involved setting up Spark version 2.3.0 on a local PC with 16GB RAM (12 GB RAM allocated 

to Spark) and 1TB hard disk. Python version 3.7 and Java version 1.8 were installed as shown in Table 1. Tuning Spark 

parameters is essential for achieving optimized results, as there are more than 150 parameters that need to be adjusted 

for each application, and default values may not be appropriate for every workload or application type. 

 

Table 1: PC Configuration 

 

PARAMETER VALUE 

RAM 16GB 

HardDisk 1TB 

OS 64-bitWindows10 

Sparkversion 2.3.0 

Java 1.8 

Python 3.7 

 

Optimizing Spark parameters such as driver memory, driver cores, executor cores, executor memory, and the number 

of partitions can significantly improve the performance of Spark applications [41,42,43,44]. As the dataset size is not 

very large, a 4GB memory is sufficient to store the data and run the CNN models with Logistic Regression as the 

classifier. However, for the Random Forest classifier, a minimum of 8GB driver memory is required. The number of 

cores allocated to the driver/executor also impacts the performance of the application. If a cluster has n number of 

cores, the number of partitions for the input data should not be less than n to avoid under-utilization of resources. 

Therefore, the number of input partitions in this study has been set to 4, which is greater than the number of cores 

allocated, which is 2. 

 

To assess the effectiveness of the proposed framework, several metrics have been utilized: 

 

1. Accuracy: This measures the proportion of correctly predicted samples out of the total number of predictions. 

2. Precision: This calculates the ratio of correctly predicted positive values to the total number of positive 

predictions. 

3. Recall: This determines the proportion of true positives to the total number of positive samples. 

4. F1 score: This computes the harmonic mean of precision and recall. 

5. Training Time: This refers to the time required for the model to be trained. 
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V.RESULTS AND DISCUSSION 

An analysis was conducted to examine the impact of the regularization parameters, alpha and lambda, on the accuracy 

of the Logistic Regression classifier. The results of this analysis, presented in Table 2, show the accuracy values for 

different values of alpha. It was observed that the Logistic Regression model, which was trained using the ResNet50 

model, achieved the highest accuracy when the value of alpha fell between 0 and 0.5. 

 

Table 2:Effect of the hyperparameter alpha on the accuracy of the model 

 

Alph
a 

Accura
cy 

0 97.28 

0.1 97.28 

0.2 97.28 

0.3 96.8 

0.4 96.8 

0.5 97.28 

0.6 96.8 

0.7 96.38 

0.8 95.92 

0.9 95.92 

1 96.28 

 

To determine the optimal lambda value for the Logistic Regression classifier, a 5-fold cross-validation method was 

employed. Various lambda values ranging from 0.01 to 1.0 were analyzed and it was observed that the model achieved 

a higher accuracy for a lambda value of 0.01. Thus, for the implementation of the Logistic Regression classifier, the 

alpha and lambda were set to 0.5 and 0.01, respectively. 

 

For the Random Forest classifier, the number of trees in the forest significantly impacts the classifier's performance. To 

investigate this impact, different values of trees were tested, and their impact on the accuracy and runtime of the 

algorithm were analyzed. The results of this analysis are shown in Table 3. It was found that the accuracy value of the 

model increased with an increase in the number of trees in the forest up to a certain point, which was 150 trees. Beyond 

150 trees, the accuracy value decreased. The Random Forest classifier achieved the best accuracy value of 97.73% with 

150 trees in the forest. Furthermore, an increase in the number of trees did not have a significant impact on the training 

time of the algorithm. 

 

Table 3:Effect of the number of trees on the performance of the proposed network. 

 

No.oftrees Accuracy F1score Precision Recall Time 

10 94.57 94.55 94.68 94.57 14min24sec 

50 96.39 96.38 96.4 96.38 16min3sec 

100 97.28 97.29 97.41 97.28 14min35sec 

125 97.29 97.29 97.32 97.28 13min58sec 

150 97.73 97.73 97.82 97.73 13min1sec 

200 96.38 96.4 96.49 96.38 14min5sec 

 

The train and test data were divided in an 80:20 ratio, and the accuracy, F1 score, precision, recall, and training time 

were evaluated for 10 different possible architectures, as specified in Fig. 2. The results are presented in Table 4. It was 

observed that the InceptionV3 pre-trained model and Logistic Regression classifier achieved the maximum accuracy 

value, which was 97.77%. The InceptionV3 model's significant features, such as factorized convolutions, grid size 
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reduction, asymmetric convolutions, and the use of auxiliary classifiers, contributed to its higher accuracy value. 

Instead of going deeper, InceptionV3 extracts features in more depth. The ResNet50 pre-trained model and Random 

Forests classifier achieved the second-highest accuracy value, which was 97.73%. Furthermore, the ResNet50 pre-

trained model with the Logistic Regression classifier provided promising results. However, the Xception model trained 

using the Random Forests classifier provided the least accurate value, which was 90.04%. It was also observed that the 

training time for the Logistic Regression classifier was considerably lower than that for the Random Forests. 

 

Table 4:Performance of various pre-trained CNN models in the proposed framework 

 

 Accuracy F1score Precision Recall Time 

ResNet50+L
R 

97.28 97.29 97.33 97.28 7min 35sec 

VGG16+LR 94.57 94.61 94.83 95.57 10min12sec 

VGG19+LR 94.12 94.13 94.31 94.12 6min 35sec 

InceptionV3+
LR 

97.77 97.74 97.75 97.74 6min 42sec 

Xception+LR 95.02 95 95.11 95.02 8min 2sec 

ResNet50+R
F 

97.73 97.73 97.82 97.73 13min 1sec 

VGG16+RF 96.38 96.35 96.46 96.38 28min 1sec 

VGG19+RF 93.66 93.64 93.62 93.66 26min45sec 

InceptionV3+
RF 

91.4 91.5 91.7 91.4 24min14sec 

Xception+RF 90.04 89.98 90.32 90.04 50min50sec 

 

Table 5 presents the confusion matrix for the weather image classification for dataset 1, using the InceptionV3 pre-

trained CNN model and Logistic Regression classifier. The rows represent the actual labels, and the columns represent 

the predicted labels. As shown in Table III, the total number of test images was 221, with 45, 64, 47, and 65 test images 

for classes cloudy, foggy, rain, shine, and sunshine, respectively. The classifier predicted 216 out of 221 images 

correctly. 

 

Table 5:Confusion Matrix for InceptionV3 Logistic Regression Model. 

 

 Cloudy Rainy Shine Sunrise Total 

Cloudy 44 0 1 0 45 

Rainy 1 63 0 0 64 

Shine 0 0 45 2 47 

Sunrise 0 0 1 64 65 

Total 45 63 47 66 221 
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Figure 5:Comparison of the proposed framework with the existing techniques 

 

The proposed weather image classification framework has been evaluated and compared with existing techniques using 

the same dataset. The results of the comparison are presented in Fig. 5, which shows that the proposed framework 

outperforms the four existing approaches. The maximum accuracy value of 97.77% has been achieved by using the 

Inception V3 model and Logistic Regression classifier (InceptionV3+LR) in the proposed framework. In comparison, 

the models proposed by Oluwafemi and Zenghui (2019), Togacar et al. (2020), and Sharma and Ismail (2022) had 

lower accuracy values of 86%, 95.85% and 94% respectively. However, the model proposed by Al-Haija et al. (2020) 

had a slightly higher accuracy value of 98.22% than the proposed InceptionV3+LR model. It should be noted that the 

InceptionV3+LR model achieved better precision and sensitivity values of 97.75% and 97.74%, respectively, compared 

to the model proposed by Al-Haija et al. which had precision and sensitivity values of 96.5% and 96.4%, respectively. 

This indicates that the proposed framework is better at capturing false negatives and true positives than the existing 

techniques. Furthermore, the proposed framework has a very short training time of 6 minutes and 42 seconds. 

 

VI.CONCLUSION AND FUTURE WORK 

In conclusion, weather prediction is crucial for various day-to-day activities, and deep CNN is a popular technique for 

classifying image datasets. However, it requires large datasets and high computing devices for optimal results. Transfer 

learning has been proposed as an effective solution for scenarios with smaller datasets and limited computing resources. 

In this paper, a transfer learning-based framework has been introduced for weather condition classification from 

outdoor images, and various CNN models have been compared for accuracy, precision, recall, f1 score, and training 

time. The results demonstrated that the proposed framework achieved the highest accuracy value of 97.77% using the 

InceptionV3 pre-trained model and Logistic Regression classifier. The comparison with existing techniques also 

confirmed the effectiveness of the proposed framework, which is scalable and supports big datasets. Moreover, the 

proposed framework has the potential for further improvements by fine-tuning some layers from pre-trained CNN 

models for better hierarchical representation. In summary, the proposed framework can serve as a promising solution 

for accurate and efficient weather condition classification, with potential for future enhancements. 

 

There are several potential future enhancements that can be made to the proposed framework. One possible direction is 

to explore the use of other pre-trained CNN models and classifiers, and compare their performance with the current 

best-performing model. Additionally, the proposed framework can be extended to work with larger and more complex 

image datasets, with techniques such as data augmentation and batch normalization used to increase the diversity of the 

dataset and improve model generalization. 

 

Another potential improvement could be to investigate the use of fine-tuning on some of the pre-trained CNN model 

layers to improve the learned features and achieve even better accuracy. Finally, the proposed framework could be 
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expanded to incorporate other types of weather-related tasks, such as weather forecasting or precipitation prediction, to 

create a more comprehensive weather prediction system. 
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