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Abstract 

Weather prediction is the use of modern science and technology to predict the state of 
the Earth's atmosphere at a certain location in the future.Weather system is complex and 
changeable, it contains a variety of attributes, and weather forecasts are closely related 
to each of everybody lives. Due to the development of technology, Today's weather 
forecasts primarily use the collection of large amounts of data (temperature, humidity, 
wind direction and speed, air pressure, etc.) and then use knowledge of atmospheric 
processes (meteorology) to determine future air changes. Weather forecasts are always 
inaccurate due to the chaos of atmospheric processes and the fact that science today does 
not finally understand them thoroughly.However, most humans are concerned about 
temperature. Whenever we see huge data sets, we will think about whether these 
attributes are related to temperature, such as humidity, wind speed, pressure, etc. Of 
course, more intuitive weather forecasting is often based on past temperatures to 
predict the future.This paper mainly builds models around temperature forecasting 
through neural networks in deep learning. We will build models from influencing factors 
and time series to complete weather forecasting.The training is done using a multi-layer 
perceptron and an LSTM model, respectively. 
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1. MLP Model 

1.1 What is MLP? 

First of all, When it comes to building a model, the linear regression model is often the simplest and 

most convenient. Because it is so popular, we can think about whether it can be used for temperature 

prediction.We can make reasonable assumptions, such as picking out some features that we think can 

affect the temperature, and test the ideas by  linear regression model. Here are some features that are 

thought to be linear with temperature. For example, if the apparent temperature is high, the actual 

temperature must not be low. Secondly, in an open environment, the higher the air pressure, the lower 

the temperature. It seems that there is a linear relationship between air temperature and apparent 

temperature and pressure, but for other features, we cannot guarantee that all features have a 

monotonic trend relationship with temperature. 

Although the linear model is simple, it also has limitations. Because linear means that the independent 

variable and dependent variable have a monotonic trend. So we need to create a multilayer perceptron 

model. Simply put, one or more hidden layers are added to the network to overcome the limitations 

of linear models and enable them to handle more general functional relationships. The easiest way to 

do this is to stack many fully connected layers together. Each layer outputs to the layers above until 

the final output is generated. 
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Figure 1. Linear Model 

1.2 Building the Model based on Pytorch Neural Network 

First import the required packages and import the downloaded dataset into it. As can be seen from 

the figure below, this is a huge dataset containing 12 attributes and more than 90,000 rows. 

 

 

Figure 2. Original Dataset 

 

Next I preprocessed the dataset. First, I removed the two-column string-type features, Summary and 

Daily summary, because they are not easy to analyze in string form. Of course, if it is particularly 

important information, we can use one-hot encoding to process the data, but considering that the 

influence of the two features on the temperature is not prominent, and they were deleted after 

consideration. Similarly, after processing the date format, we selected some features that are strongly 

related to temperature, such as pressure, humidity, etc. The final updated dataset is shown in the 

following table. 
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Figure 3. Processed Dataset 

 

Then I will define the features and labels. I will use the temperature as the label value, and all the 

attributes in the rest of the dataset as features.Looking at the data again, some data values are very 

large and some are small, and we need to normalize the data values with such large differences. 

 

 

 

Figure 4&5. Normalized Code 

 

The next step is to build the network model. As mentioned earlier, we plan to build a multilayer 

perceptron with hidden layers and initialize them randomly. Since the feature of the training set is 9, 

the w of the output layer must be (9, m), where m I specify as 128, which means that the 9 input 

features are converted into 128 hidden features of the hidden layer.The specific operation is shown 

in the figure. 

 

 

Figure 6. The Network Model 
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Next, we can use the rich API provided by torch to implement the neural network.After filling in the 

basic information, we need to define the loss function and use training methods such as mini-batch 

gradient descent.Finally, we can get the loss value and the loss curve. It can be seen that the first 

result is not ideal. We can also reduce the loss value by adjusting the following three parameters, 

learn rate, batch-size epoch.It can be seen from the figure that the loss value drops significantly after 

adjusting the parameters. 

 

 

Figure7&8. Loss value and the loss curve 

(learning rate = 0.001, batch size = 256, epoch = 5) 

 

 

Figure9&10. Loss value and the loss curve 

(learning rate = 0.0001 batch size = 128 epoch = 100) 

 

The two pictures above can see the comparison of loss values by adjusting different parameters, but 

in fact, after we changed these three numbers many times, we found that one of the most obvious 

ones for improving loss is learning rate, and Changing the epoch has little effect on the performance 

of the model. 

After training we evaluate the model,Through the training of the model, converting x into tensor 

format and passing it into the neural network will get the actual predicted value y, and finally visualize 

the comparison between the predicted value and the actual value to get the following figure. We can 

see that the predicted value largely predicts the actual value.It can be seen that our model fitting 

ability is still good. It shows that these features we have selected are closely related to the temperature. 
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Figure 11. MLP Model Performance 

2. LSTM Model 

2.1 Theoretical Knowledge. 

Time series predictive analysis is to use the characteristics of an event time in the past period of time 

to predict the characteristics of the event in the future period of time. This is a relatively complex 

predictive modeling problem. Unlike the predictions of regression analysis models, time series 

models rely on the order of events, and the results of input models changing the order of values of the 

same magnitude are different. 

The most commonly used and powerful tool for time series models is the Recurrent Neural Network 

(RNN). Compared with the independent nature of the calculation results of ordinary neural networks, 

the calculation results of each hidden layer of RNN are related to the current input and the previous 

hidden layer results. In this way, the computational results of RNN have the characteristic of 

memorizing previous results. 

Long Short Term Memory Network - commonly known as LSTM, is a special kind of RNN capable 

of learning long term dependencies. Proposed by Hochreiter and Schmidhuber (1997) and improved 

and extended by many others in subsequent work. LSTMs have performed very well on a wide variety 

of problems and are now widely used. 

LSTM networks are well suited for classification, processing, and forecasting based on time series 

data, because there may be lags of unknown duration between important events in the time series. 

LSTMs were developed to deal with exploding and vanishing gradients that can be encountered when 

training traditional RNNs. Relative insensitivity to gap length is an advantage of LSTMs over RNNs, 

Hidden Markov Models, and other sequence learning methods in many applications. 

2.2 Code Implementation of the Model 

Before we start doing data analysis, we first have to read the dataset and we get useful libraries. Then 

we read the data and get the dataset 

 

 

Figure 12. Input data 
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Then we will preprocess the initial data set. Our purpose is to predict temperature. However, there 

are many variables in the data csv file that are not related to temperature. We will remove them all, 

so we will delete the unused column and leave the temperature column.  

 

 

Figure 13. Remove Irrelevant Variables 

 

Normalization is a way of simplifying calculations, that is, a dimensional expression is transformed 

into a dimensionless expression and becomes a scalar. This method is often used in various 

calculations. 

Normalization is to limit the data that needs to be processed (by some algorithm) to a certain range 

that you need. First of all, normalization is for the convenience of later data processing, and the second 

is to ensure that the convergence of the program is accelerated when running. The specific function 

of normalization is to summarize the statistical distribution of the unified sample. Normalization 

between 0-1 is a statistical probability distribution, and normalization in a certain interval is a 

statistical coordinate distribution. 

Before starting to build the model, we first normalize the data, which is an essential step, otherwise 

the training data will have large errors and the model will be difficult to train. It is also a method of 

standardization. 

 

 

Figure 14. Normalized Processing Code 

 

Then we assign the target value, assign the dataset and target value, use dataset as data, look_back as 

feature dimension.At the same time we have to convert to ndarray data.Finally, we use 2 as the feature 

dimension to get the dataset. 
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Figure 15. Convert Data Code 

 

The next step is to resize the training data to the input dimension of the lstm algorithm in pytorch.At 

the same time, adjust the target value to the output dimension of the lstm algorithm in pytorch.Finally 

convert the ndarray data to a tensor because the data type used by pytorch is a tensor. 

 

 

Figure 16. Build Model Code 

 

The input data has 2 feature dimensions, 6 hidden layer dimensions, 2 LSTMs are connected in series, 

and the second LSTM receives the calculation result of the first.Here we perform linear fitting, the 

dimension of the received data is 6, and the dimension of the output data is 1.At the same time, since 

the input of the linear layer is two-dimensional data, the three-dimensional data x1 output by lstm 

here should be adjusted to two-dimensional data, and the final feature dimension cannot be 

changed.Because it is a recurrent neural network, finally, the two-dimensional out should be adjusted 

to three-dimensional data, which will be used in the next cycle. 

We train the model and get the loss value (lr=0.02).Training the model here, we found that since there 

are more than 9w pieces of data in the csv file, it is very troublesome for the LSTM model to process 

so many values. To save time and get a good trained model, we selected the first 900 data for analysis 

and done before normalization.The loss value after training is shown in the following figure. 
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Figure 17. Loss Value After Training 

 

Then we do model testing, where test data is prepared, where pred_test is converted into one-

dimensional ndarray data, which is the predicted value.where dataY is the actual value. 

Then we visualize the data as predicted and true values. 

 

 

Figure 18. Comparison of predicted and actual values 

 

Let's look at the effect of different lr on the loss value, here we increase the size of lr to 0.2. Then we 

can find that the loss value has also increased a lot. 
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Figure 19&20. Comparison of predicted and true values of the optimized model 

 

By comparing the predicted values, we can also see that the predicted value of 0.02 is more accurate 

than the predicted value of 0.2. 

3. Conclusion 

In our opinion, the temperature is a specific value, which belongs to the regression problem, not the 

classification, so we do not give the criterion (acc), only the loss value generated by different learning 

rate. 

Let's compare the prediction performance of the two methods. 

 

 

Figure 21&22. Compare the performance of the two models 

 

Both methods are good at predicting the general trend of temperature and the value of temperature. 

We believe that through these two methods, we can do a good job of forecasting the weather and 

temperature, complete the task of the target, and give our own suggestions. We also believe that, 

when used properly, using MLP and LSTM can handle some regression problems well, which will 

greatly help us in prediction and verification problems. However, although both models perform well, 

we sometimes find that overfitting occurs. This may be due to inconsistent feature distributions 

between the training set and new data, or there may be noise in the training set. The noise is so large 

that the model over-remembers the characteristics of the noise, but ignores the relationship between 

the real input and output. 

References 

[1] Y.B. Zhang, M.X. Chen, L. Han: Numerical weather forecast multi-element deep learning fusion 

correction method, Journal of Meteorology, Vol. 80 (2022) No.01, p.153-167.(In Chinese). 

[2] M. Yan: Intelligent Prediction System Based on Deep Learning, Environmental Science and Management, 

Vol. 46 (2021) No.11, p.123-127.(In Chinese). 



International Core Journal of Engineering Volume 8 Issue 9, 2022 

ISSN: 2414-1895 DOI: 10.6919/ICJE.202209_8(9).0020 

 

144 

[3] W. Fang, R.S. Zhu: An air quality prediction model based on a spatiotemporal and similar LSTM, 

Computer Application Research, Vol. 38 (2021) No.09, p.2640-2645.(In Chinese). 

[4] J.Q. Huang, L.X. Qin: Temperature and rainfall association prediction study using the ALSTM model, 

Journal of Guangxi University (Natural Science edition), Vol. 46 (2021) No.04, p.1024-1035.(In Chinese). 

[5] Y. Li, Y.B. Liu, X.F. Xu: Research and challenges of improving numerical weather forecast patterns and 

forecasts based on Deep Learning, Progress in Meteorological Science and Technology, Vol. 11 (2021) 

No.03, p.103-112.(In Chinese). 

[6] S.W. Chen, K.B. Jia, C.C. Wang: Research and application of Deep Learning in multi-weather 

classification algorithms, High Technology Communications, Vol. 30 (2020) No.10, p.1010-1017.(In 

Chinese). 

[7] G.S. Wang , X.D. Wang, M. Hou: Coastal Wind Speed prediction Application Research of LSTM Deep 

Neural Network Based on Observed and Reanalysis Data, Journal of Oceanography, Vol. 42 (2020) No.01, 

p.67-77.(In Chinese). 

[8] C.G. Cui, Y.H. Zou: Deep learning-based LSTM PV prediction, Journal of Shanghai Electric Power 

University, Vol. 35 (2019) No.06, p.544-552.(In Chinese). 

[9] Z.Y. Lu, Y.M. Ren, X.L. Sun: Short-time heavy precipitation weather recognition based on deep learning, 

Journal of Tianjin University (Natural Science and Engineering Technology Edition), Vol. 51 (2018) 

No.02, p.111-119.(In Chinese). 

 


