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Task

Weather forecast: Next day temperature prediction

1. Obtain time series weather data online

2. Visualize and clean the data

3. Apply different models

4. Compare models based on different metrics
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Dataset I - What Data?

● We used data from Nick’s Friend’s BME680 weather sensor he’s been 
running in Germany since 2018!

● It looks like this on the website 
(https://wx1.slackology.net/data/2024/bme680.dat.20240106):
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Dataset II - Scraping

● The data is on a 
website so we need to 
scrape it.

● We save to .csv per 
year of data.
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Basic Algorithm:
1. Go through each file on the website
2. Fetch webpage content
3. Parse lines & extract data
4. Format data
5. Append to CSV



Dataset III - Cleanup

● There were some anomalies, for 
example a sudden jump in December of 
2022

● It turned out Nick’s friend ran the sensor 
in Augsburg before moving back to 
Berlin

● We had enough data on Berlin and that 
in Augsburg was different enough, so we 
train on 2023 and 2024 (mostly).

● We do linear interpolation of missing 
values in the remaining series
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Dataset IV - Visualization

Visualizations of the series 7



Dataset V - Refinement

● We focus on Temperature in Celsius
● We use 168 hours (1 week) as context to predict the next 24 hours

8



Dataset VI - Sanity Checks

Our Data: Online Data:
 by World Weather & Climate Information

Average Temperature in Berlin by Month
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Workflow
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GPU Access Process/Collaboration Structure

Steps:

1. Get on BHT Network
2. Scale deployment
3. Port forward
4. Remote SSH in VSCode

GitHub

Nick Luisa Nataliia
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Metrics
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Metrics I - RMSE

Source: https://c3.ai/glossary/data-science/root-mean-square-error-rmse/

● Absolute measure of error
● Measures the average 

difference between actual 
and predicted values

● Standard deviation of the 
residuals

● Highly used metric
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Metrics II - MAPE
Source: https://www.google.com/search?q=mape

● Relative measure of error
● Average percentage error 

between actual and 
predicted error

● Commonly used in 
forecasting
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Metrics III - MASE

Source: https://en.wikipedia.org/wiki/Mean_absolute_scaled_error

● Absolute measure 
of error 

● Mean error of the 
model divided by 
the mean error of a 
simple baseline 
(previous 
temperature value)

● Widely used in 
forecasting
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Methods
● Baseline (Arithmetic Mean)
● ARIMA
● XGBoost
● LSTM
● LSTM-CNN
● Lag-Llama (Time series foundation model)
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Baseline I - Description
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Baseline II - Training
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Baseline III - Evaluation
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ARIMA
How ARIMA Works

● AR: Predicts via weighted past values
● I: Differences to remove trend
● MA: Smooths via past errors
● (p,d,q): 

○ how many past hours to use (p), 
○ how many differences to take (d), 
○ how many past errors to include (q) 
○ via sliding-window CV

● A single set of coefficients —no daily or 
weekly cycles
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Why It Falls Short

● Linear only -> misses curves 
& jumps

● Seasonality is missing - no 
SARIMA

● Struggles with drifts and 
needs stationarity

● Sensitive to gaps & outliers
● Many (p,d,q) settings fail



ARIMA

Pmdarima best result Darts ARIMA best result
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XGBoost I - Description

● 168 lag features capture daily & weekly cycles

● Boosted trees iteratively correct errors

● Nonlinear splits model thresholds & abrupt shifts

● Robust to gaps & noisy readings

● No stationarity requirement—learns any patterns

● Optuna-tuned for minimal RMSE
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XGBoost II - Evaluation

Best result
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LSTM I - Description

Source: https://d2l.ai/chapter_recurrent-modern/lstm.html
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LSTM II - Training

Val Metrics and Best 
Hyperparameters

Important Details:
● 10 runs of CV-HPO
● Minimizing MAPE
● Using optuna
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LSTM III - Evaluation

Trained the model on all data used for CV

Test Metrics

Sample 
Predictions
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LSTM-CNN I - Description

1D Convolution + Pooling

● 1D CNN on 168-h input
● Filters pick up local patterns (daily cycles, spikes)
● MaxPool halves time-steps

LSTM on CNN Features

● Input = learned feature vectors
● Sequence length ≈ 168/2
● fewer time steps—the LSTM works on a richer 

sequence

Same Final Layer & Output

● Dropout for regularization
● Linear layer → 24-h forecast
● Reshape to (24 × 1)
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Source: https://link.springer.com/article/10.1007/s11063-024-11687-w



LSTM-CNN II - Evaluation

The results are comparable to the original LSTM-HPO, but 
are not getting better by adding CNN
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LSTM-CNN III - Results

● More parameters → overfitting risk
● Pooling may discard fine-grained signals
● CNN filters not guaranteed to match relevant 

patterns
● Extra hyper-parameters → heavier tuning
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Lag-Llama I - Description
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TLDR:
● Foundation model for 

time-series
● Uses a decoder-only 

transformer architecture
● Supposedly decent 

zero-shot performance



Lag-Llama II - Zero-Shot Evaluation

Comparable to LSTM, lower MASE, higher MAPE, RMSE

Test Metrics

Sample Predictions
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Lag-Llama III - Fine Tuning

● Added augmentations (jitter/noise), easily add-able 
through Lag-LLama package

● Hyperparameter Optimization for learning rate only 
● Cross validation, select for best RMSE
● Run on BHT cluster, V100 GPU
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Lag-Llama IV - Fine Tuned Evaluation

RMSE: 1.4122 

MASE: 0.7000

MAPE: 6.70%

Best Model over all metrics
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Model Comparison

Note: MAPE is sensitive 
to outliers, especially 
when actual values get 
close to 0°C 

⟹ More of a rough 
indicator of model 
performance

Baseline LSTM-HPO LL-ZS LL-HPO

RMSE 7.522 2.223 2.431 1.164

MASE 14.646 3.290 1.399 0.648

MAPE 866.76% 57.61% 73.81% 6.41%
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Model Comparison

Note: MAPE is sensitive to outliers, especially when 
actual values get close to 0°C. Recall the definition.

Baseline ARIMA XGBoost LSTM-HPO LSTM-CNN LL-ZS LL-HPO

RMSE 7.522 7.307 2.724 2.223 2.366 2.431 1.412

MASE 14.646 14.179 4.910 3.290 3.428 1.399 0.700

MAPE 866.76% 848.11% 108.75% 57.61% 63.32% 73.81% 6.70%
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Future Work

● Expand on this work a bit (do univariate forecasts for all data collected by 
BME680) and write an arXiv paper.

● Build a “better-engineered” data pipeline with online learning, compare to 
batched training.
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The End
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