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Abstract 6 

Climate change is an issue that has and will affect humanity throughout the time that we are on Earth. 7 
Due to this fact, scientists have created numerous methods of modelling the climate, with 8 
mathematical models being used most widely. However, due to some limitations that these models 9 
hold, researchers have turned to utilize machine learning models to predict the future climate. This is 10 
because AI has a reputation for being able to handle complex data and recognize patterns that 11 
humans previously could not have. This study aims to create a baseline machine learning model that 12 
utilizes an Autoregressive Recurrent Neural network with a Long Short term memory 13 
implementation for the purpose of predicting climate. This type of model architecture has been 14 
utilized for other applications that relate to time series data, yet it has yet to be attempted to be used 15 
in the context of climate predictions. The data that was utilized was retrieved from the ensemble 16 
mean version of the ERA5 dataset. The model created from this study was able to predict the general 17 
trends of Earth(i.e, the poles are cold and the equator region is warm) for both when predicting the 18 
climate and when it was predicting weather. When predicting the climate, the model was able to have 19 
fair accuracy for a long period of time, with the ability to predict seasonal patterns. This feat is one 20 
that other researchers were not able to do with the complex reanalysis data that this study has 21 
utilized. This work demonstrated that this type of model can be utilized in a climate forecasting 22 
approach as a viable alternative to mathematical models and can be utilized to supplement current 23 
work that is mostly successful in short term predictions. 24 

1 Introduction 25 

From 1983 to 2012, the Northern Hemisphere experienced likely the warmest 30-year period in the 26 
last 1400 years. Furthermore, the globally average combined land and ocean surface temperature data 27 
predicts an approximate annual warming of 0.85 °C (Pachauri et al., 2015). Climate change itself is 28 
not new, every inhabited region on Earth is currently experiencing climate changes that have not 29 
been seen in a very long time. (UN REPORT, 2022; Lerner, 2023) The general scientific consensus 30 
is that human activity has significantly contributed to the acceleration of climate change beyond what 31 
would occur naturally. (Lerner, 2023) 32 

Indeed, extensive research has been conducted to predict the extent of climate change and 33 
estimate the magnitude of the challenges that humanity will ultimately face. Climate scientists relied 34 
on more traditional methods, such as divination, pattern recognition, and various other means. 35 
Developments have been made in statistical forecasting techniques, both multi and univariate, which 36 
fall short of numerical prediction models. (Stern and Easterling, 1999) Atmospheric general 37 
circulation models (AGCM), a type of numerical model, consist of a system of equations that 38 
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describe the large-scale atmospheric balances of momentum, heat, and moisture, with schemes that 39 
approximate small-scale processes such as cloud formation, precipitation, and heat exchange with the 40 
sea surface and land. (Hurrell, 2003) AGCMs have the potential to make predictions multiple months 41 
and years into the future, and many different models emerged as time passed by, such as that of 42 
National Aeronautics and Space Administration and the University of California, Los Angeles. (Stern 43 
and Easterling, 1999; Edwards, 2010) However, there have been some issues due to decreasing the 44 
predicting ability of the model outside of the tropic region, (Kumar and Hoerling, 1995) In addition, 45 
added spatial complexity for more accurate predictions increased the computational complexity of 46 
GCMs. (Collins et al., 2012) 47 

With the emergence of artificial intelligence (AI) and machine learning (ML), many attempts to 48 
explore the possibility of utilizing AI in climate and weather prediction have been done. Studies that 49 
utilize Convolutional Neural Networks to create weather predictions on specific regions were 50 
reported. (Scher and Messori, 2019; Weyn et al., 2019) Regression models and the random forest 51 
algorithm were made to create weather predictions as well. (Herman and Schumacher, 2018; 52 
Mansfield et al., 2020) To generate climate predictions, models that were utilized for weather 53 
predictions were regressively trained, and researchers were able to get stable climate predictions from 54 
relatively simple data that are pulled from GCMs. (Scher, 2018) However, when training on more 55 
complex data, models have struggled in climate predictions, not predicting seasonal patterns correctly 56 
and predicting unrealistic patterns. (Weyn et al., 2019) 57 

Autoregressive long short-term memory (LSTM) networks have an ability to recognize behavioral 58 
patterns of time series data and utilize that to make predictions. They have been used in predicting air 59 
pollution (Kulkarni et al., 2018) and rainfall (Razak et al., 2016). 60 

This study aims to create a baseline model for the characterization of the long-term temperature of 61 
the Earth using LSTM networks. 62 

 63 

2 Method 64 

This model was trained to input the temperature at 2m height(t2m) f every location on Earth for one 65 
year with an interval of 14 days (about 2 weeks) and output the state of Earth of the next half year 66 
with the same intervals 67 

2.1 Model Architecture  68 

This ML model is a deep autoregressive neural network that utilizes a Convolutional LSTM layer, 69 
which combines the properties of a convolutional layer alongside an LSTM layer. 70 
(https://arxiv.org/pdf/1506.04214v1.pdf)  This allows for an increased ability to handle spatial-71 
temporal data. Convolutional LSTM layers have often been utilized for predicting time-series data, 72 
which will be helpful in this specific application.[16] An Autoregressive model takes in the first few 73 
input labels as what is known as “warmup,” and then utilizes the output of the previous LSTM 74 
iteration to train the next step of the model. 75 

2.2 Model setup   76 

The autoregressive model trains a single Convolutional LSTM layer regressively and runs the output 77 
of that through a series of dense layers that produces an output. Each dense layer has a LeakyRelU 78 
activation function, and the Convolutional LSTM layer has a dropout of 0.2. The training loop had 79 
maximum epochs of 50 with an EarlyStopping callback and a ReduceLRonPlateau callback. The 80 
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RMSprop optimizer with a learning rate of 0.001 and a decay rate of 0.9 was utilized, and the binary 81 
cross entropy loss function was used as well. The model was built using the open-source Keras 82 
Library for python (Collet, 2015) with Google’s tensorflow backend. (Schneider and Xhafa, 2022) 83 

2.3 Data acquisition and processing 84 

The ensemble mean version of the ERA5 reanalysis dataset was used, which has an advantage that 85 
data are available for each grid point at each time step and that the data are consistent over the entire 86 
data window instead of observations for training. (Düben and Bauer, 2018) Temperature at two-meter 87 
height of the 1st and 15th of each month are considered during the time period 2002- 2022, leading to 88 
five hundred four-time steps overall. This temperature data is normalized by adding 80 to the 89 
temperature in Celsius and dividing that value by 160 so that the model’s training can be done in a 90 
swifter manner. The latitude and longitude were recorded with a 0.5◦ resolution, resulting in a 91 
snapshot of 361*720 = 65160 grid points per each time step.  Of the five hundred four-time steps, 92 
four hundred were used for training, forty-four as validation, and sixty as testing. 93 

The data were converted from numerical tuples of (latitude, longitude, temperature, time) to an image 94 
for training with the two-meter height data being the color value at each latitude, longitude pair. 95 
Latitude-longitude of (90,-180) was set to (0,0) of the image, which is the top left corner.  96 

2.4  Metrics 97 

The model’s performance is calculated using two values; the root mean squared error (RMSE) and 98 
the Mean absolute error (MAE), which are widely used metrics for calculating the accuracy of 99 
models.[20] These metrics will be calculated with the data un-normalized and back to its original 100 
scale. 101 

The RMSE and MAE value are calculated as shown. (Chai and Draxler, 2014) 102 

i.    𝑅𝑀𝑆𝐸 = ⍁{1}{𝑛}∑_{𝑖 = 1}^𝑛√{𝑒_𝑖^2}  where n is the total number of samples and ei denotes 103 

the error at the ith sample.  104 

ii.     𝑀𝐴𝐸 =
1

𝑛
∑ |𝑒𝑖|

𝑛
𝑖=1  where n is the total number of samples and ei denotes the error at the ith      105 

 sample 106 

2.5 Testing conditions 107 

After the model is trained, the model’s performance will be evaluated in three scenarios. The first is 108 
when images are generated on true images. Then, a scenario in which the model predicts future 109 
images with only the first input image being real and the model autoregressively feeding the output 110 
back as a part of the input will be considered. Finally, the scenario will be when climate predictions 111 
will be made twenty years into the future using the regressive methodology utilized in the second 112 
evaluation method will be conducted.  113 

Mean temperature over time, the difference between the real data and generated data, and the RMSE 114 
and MAE values are considered. Afterward, results of model predictions in specific significant 115 
regions of the Earth-Arctic, Antarctic, East Asia, Europe, North America, North Africa, Northwest 116 
Asia, Oceania, South America, South Asia, and South Africa. These regions were set from Mansfield 117 
et al.’s study (2020), yet Antarctica was added due to its prominence in the images of earth. 118 

 119 
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3 Results 120 

3.1 Analysis of the output generated solely on real images. 121 

The model showed fair performance when using this method with RMSE and MAE values of 4.642 122 
and 3.296, respectively. Figure 2 shows the RMSE and MAE values over each time step as as a line 123 
graph (a) and the average temperature change of the Earth over time for both the predicted values and 124 
the real values (b). It can be observed that there is a certain seasonal pattern, although the pattern’s 125 
shape doesn’t perfectly align with the real pattern. In addition, the predicted values have a generally 126 
higher prediction of temperature, as shown by the higher overall mean value. 127 

Figure 3-a shows a model prediction of the temperature on December 15th, 2022, and the 128 
temperature observed on that date. The predicted image is much blurrier than the observed image. 129 
While the right image shows much more precise delineations in the color change, the left image has 130 
the colors more or less equal for regions where the color should turn out to be different. However, 131 
there are still differences that clearly divide the continents and the oceanic regions that can be 132 
observed in the left image, although the temperature difference is not well described in that image. In 133 
addition, the temperatures of regions closer to the equator are predicted to be hotter (more yellow), 134 
while the regions near the poles are predicted to be colder. 135 

Figure 4-a shows a visualization of all the RMSE/MAE values over every predicted timestep in each 136 
major region of Earth. MAE values have less deviation than the RMSE values, and they are also 137 
much lower. The model is best at predicting the temperature in the South Africa region, with the 138 
lowest RMSE and MAE of 2.222 and 1.822, respectively.  The model is the least competent in 139 
predicting temperature in the Northwest Asia region, with a high RMSE and MAE of 6.829 and 140 
5.657. Figure 4-b shows the change in mean temperature of each region of the predicted versus the 141 
actual data. The Arctic and Antarctic region can be predicted with ease with the model, while regions 142 
such as Oceania/Southeast Asia, South America, North Africa and South Africa cannot be predicted 143 
so well using the model. The remaining regions – Northwest Asia, South Asia, East Asia, North 144 
America and Europe-seem to have relatively good accuracy, with very little deviation between the 145 
predicted mean temperature and the real mean temperature and little change between the patterns of 146 
increase and decrease.  147 

3.2 Analysis of the output generated by feeding in generated images. 148 

The model still showed fair performance with this methodology, with RMSE and MAE values of 149 
5.487 and 3.982, respectively. However, both the MAE and RMSE values increased when compared 150 
to the results of 3.1: an RMSE and MAE of 4.642 and 3.296. Figure 2 shows the RMSE and MAE 151 
values over each time step as a line graph (c) and the average temperature change of the earth over 152 
time for both the predicted values and the real values(d). The temperature pattern seems to show a 153 
slight increase in temperature over time that is larger than the actual data. In addition, the temperature 154 
predicted is also higher than the predictions made solely on real images. 155 

Figure 3 (b) shows the model predictions of the temperature on December 15th, 2022, and the 156 
temperature observed on that date. The left image shows the image generated when data the output is 157 
generated on generated images, the middle image shows the image generated when the output is 158 
generated on real images, and the right image shows the observed image at the time. While the 159 
images do look quite similar, the region around the equator on the left image is the most yellow- 160 
meaning the hottest, while the arctic region is much less dark- meaning the coldest. The leftmost 161 
image is also the blurriest, although the major delineations (i.e., the continents) are still somewhat 162 
recognizable. 163 
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Figure 5 shows a visualization of all the RMSE/MAE values over every predicted timestep and the 164 
change in mean temperature of each region of the predicted versus the actual data in each major 165 
region of Earth. South Africa remains to be the region that the model predicts the best, with the 166 
lowest RMSE and MAE of 2.998 and 2.510, respectively. The least competent region of the model 167 
remained to be Northwest Asia, with the highest RMSE of 8.304 and 6.957. It can be shown from 168 
figure 5-b the model is not competent in predicting the mean temperature in Europe, South Asia, 169 
Oceania/Southeast Asia, South America, North Africa and South Africa 170 

3.3 Model prediction of temperature 171 

The model’s output of mean temperature over the next twenty years was shown in Fig 6 with the 172 
projected mean temperature change by the model (a) and the predicted temperature on 1 year into the 173 
future, 5 years into the future, 10 years into the future and 20 years into the future (b). As shown in 174 
figure 6-b, the model progressively gets worse in its predictions, and more and more yellow as time 175 
goes on. The Arctic region first turns yellow, yet the Antarctic region doesn’t follow that trend and 176 
remains cold. Figure 6-a shows that the model projects that the temperature will reach an average of 177 
roughly 18 degrees Celsius in the next twenty years, which is roughly an 11-degree raise in 178 
temperature. However, seasonal patterns of increase and decrease in temperature can still be observed 179 
in the predictions.  180 

 181 

4 Discussion  182 

Using an autoregressive LSTM network, we developed a predictive model for climate especially 183 
long-term temperature, with fair performance. Although future climate predictions are vital for 184 
addressing the challenges posed by global warming, there are only a few models built with the 185 
purpose of detecting long-term climate change. Future climate predictions can play a crucial role in 186 
decision-making and policy-planning, prevention and response to natural disasters, and resource 187 
management and environmental protection. These predictive model can be helpful in building to a 188 
sustainable future. 189 

Global Climate Models (GCM), as a complex computer-based model, incorporate various 190 
components of the earth system, which provide insights into a wide range of climate variables, such 191 
as temperature, precipitation, wind patterns, and atmospheric circulation and risk of climate change. 192 
Due to their limitations and uncertainties, exploring more detailed relationships between emissions 193 
and multiregional climate responses still requires the application of GCMs that allow the behaviour 194 
of the climate to be simulated under various conditions on decadal to multi-centennial timescales. 195 
(Bitz and Polvani, 2012; Nowack et al., 2017; Hartmann et al., 2019) However, modeling climate at 196 
increasingly high spatial resolutions has significantly increased computational complexity. Therefore, 197 
numerous studies have been conducted to develop AI models to solve this issue and supplement these 198 
models. 199 

A study predicting global patterns of long-term climate change from short-term simulations evaluated 200 
the performance using Ridge and Gaussian Process Regression (GPR) at a grid-cell level. Both 201 
predict broad features like enhanced warming over the Northern Hemisphere like pattern scaling. 202 
(Mansfield et al., 2020) The error of the temperature in this study remains in between one and two 203 
degrees, which is significantly lower than this study. However, their study is mainly focused on 204 
improving GCMs, while this study seeks to potentially replace GCMs. As a corollary to this fact, 205 
their study is pulled from the outputs of GCMs, while this study’s outputs are from reanalysis data. In 206 
addition, the errors in that study were calculated on a grid-cell level, which can be misleading due to 207 
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the fact that they penalize patterns that as broad features are predicted correctly but displaced 208 
marginally on the spatial grid.(Rougier, 2016) This crucial predicted difference in data could be the 209 
main cause of the difference in errors between this study and Mansfield et.al.’s study. The usage of 210 
different ML algorithms (Autoregressive LSTM vs Gaussian/ Ridge regression) could contribute to 211 
this difference as well. 212 

A study about global mean surface temperature projections by employing advanced ensemble 213 
methods and using past information was reported.  (Stobach and Bel, 2020) This study doesn’t utilize 214 
RMSE as a metric that is displayed or discussed. The study does predict the change in global mean 215 
temperature, which is projected to be maximum of 4 degrees increase, although it is dependent on the 216 
type of algorithm utilized. This is a large difference from the projected increase of temperature of this 217 
study, which could be due to the difference in ML algorithms (Autoregressive LSTM vs Esemble 218 
models) and difference in data, like the reason that this study’s results deviate from Mansfield et.al’s 219 
study.  220 

For forecasting large-scale spatial patterns of precipitation across the western United States, training 221 
on thousands of seasons of climate model simulations and testing on the historical observational 222 
period (1980-2020) are done. It could compete with or outperforming existing dynamical models 223 
from the North American Multi Model Ensemble. Gibson et al., 2021) This study utilizes numerous 224 
ML models such as LSTM, NN, XGBoost and Random Forest algorithm to predict the precipitation 225 
of North America. Their LSTM model was a consistent performer, with an accuracy score of roughly 226 
0.5 for all categories. This prediction is higher than the other models tested in the study. Our model  227 
have quite modest errors as this one does. To circumvent this issue, here we explore the feasibility of 228 
training various machine learning approaches on a large climate model ensemble, providing a long 229 
training set with physically consistent model realizations. 230 

Previous researchers also utilized Convolutional Neural Networks for predicting weather. (Scher and 231 
Messori, 2019, Weyn et al, 2019). In Weyn’s study, the error of the LSTM model begins at 10 and 232 
increases as time moves on, which is similar to the results in this study. The error in their study, 233 
increases at a more rapid rate, increasing every 12 hours opposed to the longer rate of ours. This is 234 
mainly due to the fact that Weyn’s study takes data every 6 hours, and we took it every 14 days, yet 235 
our prediction length with relatively low RMSE- 60-time steps- is much longer than that of their 236 
study. Scher’s study had the limitation of poor seasonal cycle and unrealistic predictions when 237 
trained for long periods of time. In this study, although still producing unrealistic predictions, 238 
succeed in predicting seasonal cycles successfully for up to thirty years- an improvement that is made 239 
from Scher’s study. Our study’s RMSE values remain equal or lower than Scher’s results, which is 240 
also an improvement that is made. This is because of the different model architecture that was 241 
utilized (I.e autoregressive LSTM, Convolutional Neural Network), since the data that was used are 242 
both the ERA5 reanalysis.  243 

This study has shown that the autoregressive LSTM architecture succeed in improving the long-term 244 
climate predictions of ML models. The largest issue of the model currently is that it seems to be 245 
underfitting. When observing the data generated by the model, it is learning some broad patterns like 246 
how the poles are cold, the rest is warm, and mountain ranges and seasons. The issue is that the 247 
model is not learning specific enough information to be useful, so the model isn’t fitting to the data 248 
well enough. This is mainly due to the limitation of computing power. To resolve this issue, 249 
increasing the complexity of the model such as denser layers, more filters and increasing the amount 250 
of training data should be considered.  251 

This paper’s model should serve solely as a baseline model. With many improvements, the model 252 
should reach its full potential. The ability of this architecture that makes it successful compared to 253 
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other architectures (I.e., possibility of predicting global patterns over a long period of time) is still 254 
shown in this study, which makes it valuable to pursue further research in this area. 255 

 256 

5 Conclusion  257 

In this study, the potential of utilizing Autoregressive LSTM models for climate predictions were 258 
considered. The model outputted fair predictions of the global temperature at 2 meters for a long 259 
period of time, with it succeeding in predicting the global mean temperature progression of multiple 260 
regions. This feat is one that has not been achieved in previous work that utilized Neural Networks, 261 
making this study useful in that sense. The model developed here should be used as a baseline for 262 
further development with increases in computing power and data availability. 263 
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9 Data Availability Statement 357 

Pulled all data from the ERA5 reanalysis ensemble mean data. Refer to this link: 358 
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels?tab=overview   359 

Code availability  360 

Code generating figures and processed data will be available upon request 361 

 362 

10 Figure legend  363 

Figure 1: Architecture of auto-regressive neural network models. The first 24 inputs are utilized as 364 
“warmup,” and the output of the final input is continuously fed through the model to generate the 365 
predictions. 366 

Figure 2: RMSE, MAE, and mean temperature change over the entire earth. the RMSE and MAE in 367 
each time step solely on real images (a) the mean temperature change over the entire earth that the 368 
model predicted solely on real images (b). RMSE and MAE in each time step by feeding in generated 369 
images (c) the mean temperature change over the entire earth that the model predicted by feeding in 370 
generated images (d) 371 

Figure 3:  Image of predicted temperature on December 15th, 2022. (a) Left image is the image 372 
generated by the model, and the right image is the image that is derived from real data solely on real 373 
images. (b) Left image generated by the model when fed autoregressively; middle image generated 374 
by model when trained on all real images when fed autoregressively; right image derived from data 375 
when fed autoregressively 376 

Figure 4. RMSE, MAE (a) and change in mean temperature (b) over each region trained solely on 377 
real images.   378 

Figure 5. RMSE, MAE(a), and change in mean temperature (b) over each region trained solely by 379 
feeding in generated images.   380 

Figure 6.  Changes in average temperature over time (a) and the predicted temperature on 1 year into 381 
the future, 5 years into the future, 10 years into the future and 20 years into the future (b). 382 

 383 
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https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels?tab=overview
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 392 

 Figure 1: Architecture of auto-regressive neural network models. The first 24 inputs are utilized as 393 

“warmup,” and the output of the final input is continuously fed through the model to generate the 394 

predictions.  395 
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(a) 

 

(b) 

 

(c) 

 

(d) 

 

Figure 2: RMSE, MAE, and mean temperature change over the entire earth. the RMSE and MAE in 397 
each time step solely on real images (a) the mean temperature change over the entire earth that the 398 
model predicted solely on real images (b). RMSE and MAE in each time step by feeding in generated 399 
images (c) the mean temperature change over the entire earth that the model predicted by feeding in 400 
generated images (d) 401 
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(a) 

  

(b) 

  

 

Figure 3. Image of predicted temperature on December 15th, 2022. (a) Left image is the image 403 

generated by the model, and the right image is the image that is derived from real data solely on real 404 
images. (b) Left image generated by the model when fed autoregressively; middle image generated 405 
by model when trained on all real images when fed autoregressively; right image derived from data 406 
when fed autoregressively 407 

 408 

 409 

 410 
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(a) 

 

(b) 

 

Figure 4. RMSE, MAE (a) and change in mean temperature (b) over each region trained solely on 411 

real images.   412 

 413 
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(a) 

 

(b) 

 

Figure 5. RMSE, MAE(a), and change in mean temperature (b) over each region trained solely by 414 
feeding in generated images.   415 

 416 

 417 
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(a) 418 

 419 

 420 

 421 

 422 

 423 

 424 

(b) 425 

 

1 year into the future 

 

5 years into the future 

10 years into the future 
 

20 years into the future 

Figure 6.  Changes in average temperature over time (a) and the predicted temperature on 1 year into 426 
the future, 5 years into the future, 10 years into the future and 20 years into the future (b). 427 
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