Universiteit

EIE) Leiden

Master Computer Science

Wildfire Anomaly Detection in Time Series Data Using an

Unsupervised Learning Approach

Name: Athul Sreejith

Student ID: s3906868

Date: March 2025

Specialisation: Data Science: Computer Science
1st supervisor: Prof. Hao Wang

2nd supervisor: Prof. Zhaochun Ren

Master's Thesis in Computer Science

Leiden Institute of Advanced Computer Science (LIACS)
Leiden University

Niels Bohrweg 1

2333 CA Leiden

The Netherlands
























Chapter 2

Data

2.1 Data Description

For this research we are using using three datasets: a historical record of wildfire activities happend
across seven regions of Australia namely New South Wales (NSW), Northern, Territory (NT), Queensland
(QL), South Australia (SA), Tasmania (TA), Victoria (VI) and Western Australia (WA) and their
corresponding weather information and Vegetation information. All these dataset have information
about all the seven regions of Australia. These dataset can help in our research to explore the unusual
behavior of weather pattern causing these destructive wildfires since it has wildfire information and its
corresponding weather information. This approach allows us to assess how well unsupervised models

are since the models are trained entirely without labeled wildfire data

2.1.1 Historical Weather Dataset

TABLE 2.1: Details of Weather Features

Feature Category Feature Description Range and Unit

Date Time span of daily weather 2005-01-01 to 2021-01-23
records

Region Australian states covered in the | NSW, NT, QL, SA, VI, WA,
dataset TA

Precipitation Min, max, mean, and variance 0 — 509.83 mm/day

of daily precipitation

Relative Humidity Min, max, mean, and variance 0 — 509.83 mm/day

of daily relative humidity

Soil Water Content Min, max, mean, and variance 0 - 0.52 m?/m?

of soil moisture content

Solar Radiation Min, max, mean, and variance | 0.41 — 35.69 MJ/m?/day
of solar radiation

Temperature Min, max, mean, and variance -5.05 — 41.73 °C

of daily air temperature

Wind Speed Min, max, mean, and variance 0.25 — 24.27 m/s

of daily wind speed
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objective of preprocessing was to restructure and standardize the dataset.

2.2.1 Wildfire and Weather dataset

The first step in this included renaming and simplifying column headers to proper labeling like
mean() and variance() which were replaced with Mean and Variance, and the area-related column
count () [unit:km"2] to Area. This renaming of dataset made the work more reliable. Then we
restructured the weather data using a pivot operation. A pivot operation is a way of rearranging
the dataset so that in our case, instead of having many row values for one measurement which
was the original format, pivoting will make all the relevant values for a given day and region into a
single row, making the dataset more structured and easier to analyze and work with. The pivoted
structure is known to be more compatible with time-series modeling, which allows the models to learn
across all the weather variables at the same time. Once the structuring was done, the next step was
handling missing values, which are often common in weather datasets due to the satellite data gaps
in transmission and sensor issues. Each features were treated individually since these features have
different characteristics, so we can't use one method for all the features. This was a challenging part
because we can't simply add values for weather data, which will then affect the pattern of the weather
forecast data.

For precipitation variables, the missing values were filled using forward fill which means it carries the last
known value from the previous row forward. This was done based on the assumption that the rainfall
patterns will sustain over short periods and these short gaps can then be filled from the previous day
without a big change in the feature pattern. For relative humidity and temperature variables, we have
used the linear interpolation method to fill missing values. Since these are atmospheric conditions that
generally change gradually from day to day, applying linear interpolation might be a good approach.
Linear interpolation is a method that works by filling in missing value by considering a straight line
between the nearest known values before and after the long gap, which means it connects these two
points to form a smooth, proper transition. For example, if the temperature value on Monday was 28°C
and on Wednesday it was 30°C, but the value of Tuesday was missing, then the linear interpolation
method will fill Tuesday's temperature as 29°C showing a steady increase between the two points. For
solar radiation and wind speed, we used a 3-day rolling average to smooth the data. This method
works by replacing each value with the average of its value and the two days around it. For example,
if the wind speed on Monday was 12 km/hr and Tuesday was 18 km/hr and on Wednesday 15 km/hr
then it is calculated the average of these three days which is 15 km/hr. This will create more stable
trend without removing the original time-based pattern and if any values were still missing, we used
linear interpolation like we used before for Humidity and temperature. However, some missing values
may appear at the front or end where interpolation is not possible. In such cases, we used median
values of that region to fill the gaps. All these handling of missing values are done for individual
regions. For example, missing values in the Temperature variable of Western Australia (WA) was

interpolated only using values from Western Australia, avoiding cross regional inputs. After all the
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were initially filled with missing values (NaN) and then we addressed this through linear interpolation
to fill the missing values by joining the first two know values which is the value from first month and
the value from second month per region with a gradual increase or decrease in the new values based on
the two points. Thus, we are able to generate continuous daily values for NDVI, which then will help
with the merging process. After preprocessing NDVI data our next step was to merge the NDVI data
with the weather data, For this we have to ensure that all the Date-Region combinations were perfectly
aligned. To do this we checked the common date range shared by both NDVI and weather data using
the earliest start date and latest end dates from each. Then we created a complete Multiindex which
consists of all date region combinations available from both of the datasets. To generate a full index,

we used
pd.MultiIndex.from_product([date_range, regions], names=["Date", "Region"])

and then applied reindex () to both of our datasets. Then we checked again for missing values, this
step was crucial because for our approach as a time-series model, the models expect complete data
across all the features so making sure everything is cleaned and structured was very important. After
checking this we applied a left merge using Date-Region index as the key. The result of this was a
single data frame that contains both the weather and vegetation daily data for all the region. This is
the final input data we are using for our modeling pipeline which provides a rich combination of both

atmospheric and vegetation data for the detection of anomalies in weather data that leads to wildfire.

2.2.3 Deseasonalization

The weather dataset with features like temperature, precipitation and soil moisture all follow strong
and predictable seasonal patterns and these natural cycles can be a problem in our analysis where the
model can see this as anomalies. For example, sudden spikes in temperature in summer is normal
and a part of the cycle but having an unusual temperature spike in spring has to be considered. So,
for addressing these issues, we applied a decomposition process called Seasonal-Trend decomposition
using Loess (STL). STL is a widely used decomposition method to break down time-series data.
This method will decompose into three components as seasonal, trend, and residual. The seasonal
component will have the regular repeating patterns like annual cycle and the trend component will have
longer patterns over time such as gradual warming toward summer and finally, the residual component
will have the short-term fluctuations which does not have the trend or seasonal information. In our
case, this residual was the exact signal we needed. It was very valuable because unusual spikes or
anomalies in this component can train the model to learn properly without any noise from the seasonal

up spikes and down spikes.
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Chapter 3

Methodology

Since labeled data are sparse, delayed, and sometimes geographically limited for supervised learning,
exploring unsupervised learning can be another solution which do not need any label for training
and can learn to find anomalies by training the models with normal weather data. To explore the
effectiveness of our unsupervised learning for identifying weather anomalies that cause wildfires, we are
here using three different models: a deep learning based LSTM Autoencoder, an ARIMA time series
model, and a seasonal Fourier regression model, which is inspired by the Prophet model by Facebook.
All models are only trained on non-wildfire weather data and then evaluated on both wildfire and

unseen non-wildfire data.

3.0.1 Input data

All the models in this study are trained with daily, region-specific data that has been carefully
preprocessed, which includes weather information and vegetation information. To prepare for our
models, we used two datasets, non-wildfire data and wildfire data, which we had separated earlier.
Since our focus was on unsupervised learning, we only trained our models with non-wildfire data,
which allows our models to learn normal weather. The wildfire information has been placed out and
only used during the evaluation process to check how well the models detect deviations related to
wildfire events which will provide what all models performed well. We have also applied seasonal
decomposition to analyze whether the model can learn better without the seasonal cycles or not.

Since we are using different models with different abilities, we used different representations of data:
For LSTM Autoencoder, we used data into a fixed-length sequence like a 10-day window, where 10
rows at a time will be used for the model. In this way the model can learn temporal patterns across all
days. The ARIMA and Fourier-based regression models were applied with each features individually.
In Univariate models like this, Each feature has to be trained for each models thus the model can learn
properly for that specific feature. This input foundation will allow us to explore how different modeling
strategies responds to the same data, and then we can evaluate which method is more effective for

finding anomalies in which all conditions.
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LSTM Autoencoder Architecture

Encoder

LST™M LSTM LSTM
256 units | tanh 128 units | tanh 64 units | tanh
return_seq=True =~ —» return_seq=True = —» return_seq=False
Input: (10, 29) Input: (10, 256) Input: (10, 128)
Output: (10, 256) Output: (10, 128) Output: (64,)
Latent|Vector
RepeatVector
10x units |
return_seq=
Input: (64,)
Output: (10, 64)
LST™M LSTM LSTM TimeDistributed(Dense)
64 units | tanh 128 units | tanh 256 units | tanh 29 units | linear
return_seq=True =~ ——> return_seq=True =~ —> return_seq=True ~ —» return_seq=-
Input: (10, 64) Input: (10, 64) Input: (10, 128) Input: (10, 256)
Output: (10, 64) Output: (10, 128) Output: (10, 256) Output: (10, 29)

Decoder

F1GURE 3.1: Long Short-Term Memory Autoencoder Architecture

Encoder layer LSTM (256 units, return sequences = True): This layer has 256 units

means it has 256 memory cells, also known as neurons. Each unit can learn patterns over time, like
what to remember through input gates, what to forget through forget gates, and what to output
through the output gates, and this information is stored. The first layer processes the input 10-day
sequence and then learns the short-term patterns across all time steps, and then it returns the entire
sequence so that the next layer can continue learning from it.
LSTM (128 units, return sequences = True): This layer is built by the patterns learned from the
previous layer, but compresses them by reducing the number of units from 256 to 128. LSTM (64
units, return sequences = False): This is the final layer of encoder. This layer only outputs the last
hidden state, which is the information of that entire 10-day sequence from all the above layers.Decoder
layer RepeatVector (length = 10): This layer represents the 64-dimensional latent vector 10 times,
this way it can match the original sequence length which is 10 in our case. LSTM (64 units, return
sequences = True): This layer starts the process of decoding. Each of the 10 time steps is processed
here to learn how to reconstruct the original feature values from the compressed vector. LSTM (128
units, return sequences = True): This layer expands the learned reconstruction into 128 units. LSTM
(256 units, return sequences = True): The final decoder LSTM layer is the same as the encoder's
starting size. It then tries to restore the details of the original sequence. Time Distributed (Dense
layer): This layer applies a fully connected network to each of the 10 time steps separately, which
then produces a vector of predicted features for each day. This outputs the reconstructed version of
the original 10-day input. We chose this architecture after a lot of experiments with many simpler
versions and adjusting layer sizes to find a good balance between model complexity, reconstruction
accuracy, and its anomaly detection sensitivity.

In this model, we have compiled using the Mean Squared Logarithmic Error (MSLE) as the loss
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function. We used MSLE because it won't underestimates more than overestimates, means it focuses
more on relative errors, making it better at detecting small yet meaningful deviations in weather
patterns especially when values are small and vary across different scales, as it often happens before
a wildfire, this is effective that it won't miss many potential dangers when we are working with

normalized time-series data.

Reconstruction

Once the model is properly trained, the model receives new 10-day sequences and attempts to
reconstruct them with the learning it had from the previous training. For each sequence X, the
model produces a predicted sequence X. The reconstruction error is then calculated as the mean

absolute difference between the original and reconstructed sequence over all time steps and features:

1

TxN 22 ‘Xt”' X

t=11i=1

(3.1)

Reconstruction Error =

Where:

o T is the sequence length (10 days),

e N is the number of features,

o X;; is the value of feature i on day ¢,

. Xt,i is the reconstructed value for the same feature and day.

So when the model sees patterns similar to what it has seen during training, that is meant to be
normal weather, Now the model tries to reconstructs it with error percentages and when the model
sees unfamiliar pattern or inputs such as those related with wildfire conditions or unusual spike then

the reconstruction becomes poor which then leads to higher reconstruction error.

Finding Anomalies

To find what is normal and anomalous from the data, we compute reconstruction errors on the training
set as discussed above and now we select a threshold at the 95th percentile of the reconstruction error
from training which means only the top 5% of highest reconstruction errors among the normal (non-

wildfire) training sequences are considered abnormal and all the remaining are considered normal.

Threshold = Percentilegs (Reconstruction Errorstyaining Set) (3.2)

Any new sequence with a reconstruction error above this threshold is flagged as an anomaly, which
potentially indicates a high-risk wildfire day or unusual weather pattern. This threshold is calculated

without using any wildfire labels, maintaining the unsupervised nature of our study approach.
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e d = 0: no differencing is applied, assuming the data is stationary after deseasonalization,

e ¢ = 2: it considers the last two error terms (moving average component).

Although the model order was not tuned separately for each feature, this configuration can still
provide a reasonable balance between learning temporal structure and avoiding overfitting. Once the
model was fit on the historical data for a feature like Temperature_Mean, it was then used to generate

forecasts for the full duration of the evaluation period, including wildfire and non-wildfire days.

Detecting Anomalies from Residuals

For each feature, the residuals were calculated as:
Residual; = |Actual; — Forecast;]| (3.3)

We then took the absolute value of residuals and computed the 95th percentile of residuals from the
training data. The value we get from this is used as our anomaly threshold, which is a boundary
beyond which the model is considered to have seen something that is unexpected. If the residual for
a day exceeded this threshold, that data point is then flagged as an anomaly for that feature. This
process was repeated for all features, resulting in a binary anomaly flag for each feature per day, and
then with this we can compare with the actual wildfire occurrences and can find how well the model

performs.

Aggregating Risk from Multiple Features
For a given day, we aggregated the anomaly flags from all features by summing them into a Risk Score

as given below :
29

RiskScore; = Z Anomaly, ; (3.4)

i=1
If the Risk Score was greater than or equal to 1, the day was flagged as a potential wildfire day
(FireRiskFlag = 1). This way it assumes that even one highly abnormal feature could signal the

risk of wildfire conditions.

Evaluation and Results
To assess the model’s effectiveness, we compared the predicted FireRiskFlag values against the
actual wildfire labels (known values but not used while training). Using these predictions, we computed

several evaluation metrics as give below:

¢ Precision: how many of the days flagged by the model actually had wildfires.

e Recall: how many of the actual wildfire days were successfully identified.
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Chapter 4

Results and Discussion

In this section, we are going to discuss the results and performance of all Unsupervised models that we
used for this study. We start with LSTM, which is trained with seasonal and non-seasonal data. Then
Fourier series model, which is trained with seasonal data and finally ARIMA, which is trained with
non-seasonal data and we also performed how well this model works with transfer learning, whether
the model is able to detect anomalies of other regions even though its only trained for one specific

region.

4.1 LSTM

Here we are checking the performance of the LSTM model with both seasonal and non-seasonal data,
considering its reconstruction errors, ROC curve, training and validation loss, Performance matrices

and Latent space visualization.

4.1.1 LSTM model with seasonal data

ROC Curve for LSTM Autoencoder
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FIGURE 4.1: ROC curve for LSTM Epochs

autoencoder (seasonal) showing the
model’s capability to distinguish FIGURE 4.2: Training and validation loss curve for the

wildfire and non-wildfire days using LSTM autoencoder trained on seasonal weather data
reconstruction error
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complex patterns and relationships between data points. This graph will show how the data points are
structured in the model's latent space. So normal sequences, which are the non-wildfire data points,
should get mapped into consistent, repeatable patterns by considering that it follow a regular seasonal
trend and the anomalous sequences which are wildfire points should get mapped differently because
they should deviate from the learned pattern from normal weather data.

So the LSTM autoencoder learns a compressed representation of the input data called a latent vector
which captures the main information of the input data for reconstructing it, and for each input
sequence both wildfire and non-wildfire, we will extract this latent vector from the encoder part of
our autoencoder. As you can see in the image red points are wildfire sequences and blue are non
wildfire and if we closely look we can see the seperation of datat points in the latent space some blue
clusters are packed tightly in few areas towards upper left and the formed cluster will have similar
patterns showing the learning from normal weather conditions and the red points are also separated
from the blue points not much overlapping but still some data points are plotted in similar spaces.
These partial groupings are similar in normal weather patterns, indicating their seasonal behaviour and
most of the wildfire sequences do not belong to these clusters, showing separations between wildfire

and non-wildfire data points.

4.1.2 LSTM model With no seasonal data

ROC Curve for LSTM Autoencoder

10 - —— AUC=041 Training & Validation Loss Over Epochs

0.0200 —— Training Loss
Validation Loss

00175

06 0.0150 \

0.0125

0.0100
0.0075
02
0.0050

00 0.0025 L\\"-\-‘___<_<A<_4____4_447
00 04 06 08

02 0.0000

True Positive Rate

Loss

False Positive Rate

0 20 40 60 80 100
Epochs

FIGURE 4.7: ROC curve for

LSTM  autoencoder  trained on FIGURE 4.8: Training and validation loss for non-seasonal

deseasonalized weather data, LSTM, showing convergence but lack of meaningful
indicating worse performance even anomaly detection capability
while random guessing

The ROC curve for the LSTM model trained on non-seasonal data shows a significant decline in
performance with an AUC of 0.41 compared to the seasonal model with 0.78. This value is below the
0.5 threshold of random classification, which indicates that the model performs worse than guessing
the chances of wildfire events based on reconstruction error. This result suggests that the model
has not learned that much meaningful features that correlate with the occurrence of wildfires and it

is in fact, not classifying the majority of sequences properly. This poor separation is likely due to
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the absence of seasonality in the input data, which removes much of the natural structure and other
repeating weather patterns that would otherwise help define what normal weather looked like.

After the low predictive performance, when we look at the loss curve for both training and validation
sets, it shows a smooth and consistent decrease across epochs, eventually converging without signs
of overfitting. This indicates that the model has successfully minimized reconstruction error in a
general sense but these learning patterns do not contribute to anomaly detection, which means the
model is stable and capable of reproducing input sequences but the information it learns is not enough
to separate wildfire-related behavior from regular weather patterns. This shows the importance of
seasonal structure in the data when using sequence-based unsupervised models for anomaly detection
with LSTM based autoencoders.

Histogram of Reconstruction Errors
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FIGURE 4.9: Histogram of reconstruction errors for the LSTM model trained on non-seasonal data.
Overlap between wildfire and non-wildfire points shows poor separation

From the reconstruction error distribution for the non-seasonal model, it shows a substantial overlap
between wildfire and non-wildfire sequences with both classes concentrated around similar error ranges
from 0.04-0.06. The separation here is very minimal or absent compared to the reconstruction error
from the seasonal LSTM. This indicates that the model struggles to differentiate between normal
and anomalous weather patterns when seasonality is removed from the input data. This clear lack of
divergence in this error distributions suggests that the model perceives both wildfire and non-wildfire
sequences as equally reconstructable showing that the input features lack the necessary information
for distinguishing anomalous behavior. From this result we can say without periodicity or consistent

climatic trends, the model is struggling to find what a normal weather looks like.
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Classification Report:

precision recall fl-score support
Non-Wildfire 9.61 8.86 8.11 4169
Wildfire 8.51 8.96 8.66 4169
accuracy 8.51 8338
macro avg 8.56 8.51 8.3%9 8338
welghted avg 8.56 @.51 @.39 8338

FI1GURE 4.10: Classification report for LSTM trained on non-seasonal
data, showing lower precision and overprediction of wildfire cases

Confusion Matrix: LSTM Autoencoder
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F1GURE 4.11: Confusion matrix for non-seasonal LSTM indicating
high false positive rate and poor non-wildfire recognition

As you look at the classification report and confusion matrix for the non-seasonal LSTM model, it
indicates a strong imbalance in the model’s predictions, with more tendency to classify the majority of
sequences as wildfires regardless of their true label. The confusion matrix also shows a high number
of false positives, where non-wildfire sequences are incorrectly flagged as wildfire and a significantly
low true negative count. We can see this reflected in the performance metrics: the recall for the
wildfire class is very high (0.96), but its precision drops to 0.51, indicating that a large proportion
of the predicted wildfire cases are incorrect. Conversely, the non-wildfire class exhibits extremely low
recall (0.06) and an Fl-score of only 0.11, showing that the model fails to recognize normal sequences
accurately.

From these results it shows the model fails to recognize normal weather. The overall accuracy and
F1-scores are very low than in the seasonal model, suggesting that the absence of seasonal information
has decreased the model’s ability to form a reliable baseline for anomaly detection, the model appears
to treat nearly all input sequences as anomalous, resulting in widespread misclassification as you see

in the report.
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overlapping and thus poor classification results.
These results show that seasonality is very important for LSTM autoencoders to build a reliable
baseline of normal weather. Without it, the model fails to recognize anomalies, thus making seasonal

structure a very important component for unsupervised wildfire detection for LSTM models.

4.2 Fourier Series-Based Regression Model

In this section, we evaluate Fourier series-based regression model to detect anomaly with seasonal
weather features. Each weather variable are treated individually which means each features have its
own models. In this section we discuss the results and performance of the model using a detailed view
of model fitting for one feature Temperature Mean for NSW, a combined multi-feature view across
all 29 weather variables used in the model and the classification report.

FIGURE 4.13: Fourier series model forecast on all features for Region NSW (with season) showing

strong alignment with actual values for features exhibiting smooth seasonal patterns, but performs less

accurately on more irregular variables, highlighting its strength in modeling periodicity and limitations
with non-cyclic trends



