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Abstract

California’s wildfire season keeps getting worse over the years, overwhelming the

emergency response teams. These fires cause massive destruction to both property and

human life. Because of these reasons, there’s a growing need for accurate and practical

predictions that can help assist with resources allocation for the Wildfire managers or the

response teams. In this research, we built machine learning models to predicts the number

of days it will require to fully contain a wildfire in California. Here, we addressed an

important gap in the current literature. Most prior research has concentrated on wildfire

risk or how fires spread, and the few that examine the duration typically predict it in

broader categories rather than a continuous measure. This research treats the wildfire

duration prediction as a regression task, which allows for more detailed and precise

forecasts rather than just the broader categorical predictions used in prior work. We built

the models by combining three publicly available datasets (a) California Department of

forestry and fire protection’s fire and resource assessment program (FRAP), (b) Data

dictionary for FRAP, and (c) Dataset from California open data portal. This study

compared the performance of baseline ensemble regressor, Random Forest and XGBoost,

with a Long Short-Term Memory (LSTM) neural network. The ensemble models were

trained using static features and aggregated weather data. We also trained the LSTM

model on the same dataset with static features. The results show that the XGBoost model

slightly outperforms the Random Forest model, likely due to its superior handling of static

features in the dataset. The LSTM model, on the other hand, performed worse than the

ensemble models because the dataset lacked temporal features. These results suggest that

Tree-based ensemble models are best suited for situations where temporal features are

unavailable and mostly static features are available. In contrast, LSTM models are more

appropriate when temporal features such as meteorological data, wind speed and daily
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temperatures are available. Overall, this study shows that, depending on the feature

availability, Wildfire managers or Fire management authorities can select the most

appropriate model to accurately predict wildfire containment duration and allocate

resources effectively.

Introduction

California’s wildfire seasons are growing longer and more severe, posing a significant

threat to lives, property, and natural resources [1], [2], [3]. This also places a great strain

on emergency teams. When a new fire is reported, emergency response managers face a

series of critical decisions. One of the most fundamental question is how long it will take to

contain the fire.

It is essential to make accurate and timely predictions of containment time for

effective and strategic planning. These predictions help with crucial operational activities,

including the allocation of firefighting resources (for example crews, engines, and aircraft),

the planning of potential evacuations, and the management of public safety alerts. An

underestimation of containment time can lead to a resource deficit, allowing a fire to grow

uncontrollably. On the contrary, a significant overestimation can result in wasted or

unnecessary diversion of critical resources from other impacted areas.

California’s fire problem has intensified dramatically in recent years. The state’s five

largest wildfires in recorded history have all occurred since 2018 [4], [5]. Climate change

has expanded the usual fire season into a year-round threat, while decades of fire

suppression have left forests dense with combustible material [6]. Recent mega-fires like the

Camp Fire (2018) [7] and the August Complex (2020) [8], [9], [10] burned for weeks,

overwhelming suppression capabilities and forcing mass evacuations. These events

underscore why accurate containment time predictions have become operationally essential.

Current practice relies heavily on expert judgment. Incident commanders estimate

containment dates based on experience, visible fire behavior, and weather forecasts. While

it is invaluable, this approach is very subjective and struggles to consistently process the
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complex, non-linear interactions of various environmental factors [11]. This is not just an

informal process; it is often formalized in operational models. For instance, Fire-line

production rates—a key variable in any containment forecast—are frequently estimated

using "expert opinion" surveys of veteran crew bosses [12]. Similarly, an incident

commander’s assessment of initial attack success is often supplemented by formal

probability models built from the elicited judgment of fire management experts [13]. This

reliance on experience is invaluable but also highlights an opportunity to complement

human judgment with data-driven analytics. Machine learning offers a complementary

tool, one that can process vast historical datasets to identify patterns human observers

might miss.

In this research we built and evaluated a machine learning model capable of

predicting the containment time for California wildfires. The specific objective was to

forecast the total number of days between the initial fire report and the date of 100%

containment. By framing the problem as a continuous regression task, this study provided

the granular, actionable predictions required for operational planning. This approach

differs from existing work in three ways. First, we predict continuous duration in days

rather than categorical bins (short/medium/long), providing the granular forecasts

operations require. Second, we focus specifically on California’s unique fire regime rather

than generalizing across regions. Third, we test whether modeling temporal sequences of

preignition weather improves predictions beyond static feature aggregation.

Background

Wildfire prediction is a complex problem. Over the years, a variety of approaches

have been developed. Each of those have their own strengths and limitations. Traditional

physics-based models, like FARSITE [14] and FlamMap [15], predict how fires spread

using environmental factors like fuel type, terrain, and weather conditions. These models

can be very detailed and realistic. However, they often require extensive data and high

computational resources, making them less practical for fast, large-scale predictions. For
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example, Peterson et al., 2011 attempted to reconstruct the wildfires in coastal regions of

Santa Barbara County using wildfire models [16]

Figure 1

Wildfire map of coastal region of Santa Barbara

[16]

In a parallel, statistical and probabilistic methods [17] have been used to estimate

outcomes such as burned area, fire risk, or containment likelihood. These approaches are

usually faster to run and easier to interpret. But their simplicity comes at a cost: they

often struggle to capture the complex, non-linear relationships that govern how a fire

behaves under changing weather, variable terrain, or differing vegetation types.
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Figure 2

Wildfire pattern over different terrain

[17]

Even with these approaches, containment time varies widely with fire size. The

following plot which is generated from the California historical fire parameters records,

illustrates the relationship between historical California wildfire sizes and their

containment times [18]. Each point represents a single fire, with the x-axis showing

log-transformed fire size (acres) and the y-axis showing the number of days until full

containment. The plot highlights the wide variability in containment durations - even

among fires of similar sizes - underscoring the challenges of forecasting containment using

simple rules or expert judgment alone
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Figure 3

Log transformed fire size (in acres) with Containment duration

More recently, machine learning (ML) methods have become popular in wildfire

research. ML models are particularly useful because they can learn patterns directly from

large historical datasets, without requiring explicit modeling of every physical process. For

example, ML has been used to predict fire risk and ignition [19], forecast fire spread [20], or

classify fire duration [21].

But, even with these advances, most studies focus on risk assessment or broad

categories rather than predicting continuous containment time. In California, where fires

can last for days or even weeks, this kind of fine-grained prediction is especially valuable.

There is also increasing interest in deep learning techniques. Recurrent neural

networks, such as LSTM and GRU, are well-suited to modeling temporal patterns, like

daily weather changes affecting fire growth. Convolution neural networks can analyze

spatial patterns in satellite images to detect hot-spots or burned areas. Some researchers

are even experimenting with graph-based models to capture interactions between
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neighboring regions [22], [23], [24]. Despite their promise, these methods have rarely been

applied to predicting exact containment duration, leaving a clear gap that this research

seeks to address.

Related Works & Literature Review

Previous research can be broadly categorized into three main areas. First, several

studies have focused on Predicting Wildfire Risk and Ignition [25]. These models analyze

historical and environmental factors - such as vegetation health, land surface temperature,

and historical fire patterns to generate spatial risk maps. Classification models, including

Random Forest and Support Vector Machines (SVM), have demonstrated strong

performance in identifying areas as high-risk or low risk for a new ignition [26], [27], [28].

While valuable for long-term planning, these models do not address the dynamics of a fire

after it has started.

Another research has focused on Predicting Wildfire Spread [20]. These models are

concerned with forecasting the growth and spread dynamics of a fire after ignition, often

predicting the total burned area over a specific time horizon. Research in this domain has

found that while traditional statistical methods can provide baseline predictions, ensemble

methods like XGBoost offer superior performance. This is particularly true when

incorporating complex, time-varying inputs, such as meteorological data.

The work most closely related to this proposal involves Predicting Wildfire Duration

as a Category. A recent study on forest fires in Greece employed a Random Forest classifier

to predict fire duration [21]. This model achieved high accuracy (87-92%) but framed the

problem as a multi-class classification task, binning fires into three duration categories:

short, medium, and long. Similar studies have been done outside Greece as well [29] [30]

[31]
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Research Gap

While these existing studies provide a valuable foundation, a significant gap remains.

To our knowledge, no prior work has specifically focused on predicting the “continuous

containment time” (measured in days) as a regression problem, particularly for California

wildfires. This research project addresses this gap in three unique ways. First, it adopts a

geographic focus: while the most comparable duration study focused on Greek forest fires,

California’s distinct Mediterranean climate, diverse and complex terrain, and unique fire

regimes necessitate region-specific modeling to capture local fire behavior patterns. Second,

it proposes a regression-based problem formulation, predicting continuous days rather than

classification or categorical bins. This approach is more challenging but provides the

granular, quantitative predictions required for operational resource planning and logistics.

Third, it emphasizes on data integration, combining incident records, meteorological data,

and topographic/fuel data to capture the multifaceted drivers of fire containment.

DATA & VARIABLES

For this study, we gathered data from multiple sources and joined them to create a

master dataset. After that, we cleaned the data, removed rows with empty or missing

columns. The dataset retrieved from official historical California wildfire website (Fire and

Resource Assessment Program) [32] contains wildfire events from around 1878 to January

2025. Latitude and Longitude values of the fire event location is captured from the Shape

files [33] and joined with the master dataset. The data is joined using common columns

“Year_“ and “IRWIN ID”. The dataset also contains “Cause” column containing

categorical values. The mappings are downloaded from the data dictionary.

Data Sources

The dataset used in this study is a composite of three data sources:
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California Department of Forestry and Fire Protection’s Fire and Resource

Assessment Program (FRAP)

This dataset contains the historical fire data (CAL FIRE California Fire Perimeters

- all) [32] . This dataset provides the alarm and containment dates along with the cause

(categorical numerical values) and other essential details such as GIS_ACRES, Fire name,

Direct protection agency etc. This data is combined with other datasets containing the

investigated cause of ignition (actual value), geospatial information such as Latitude &

Longitude. The combined dataset helped derive the target variable

Containment_Time_Days.

Data Dictionary for FRAP

This contains the actual values for cause of ignition, Direct protection agency

responsible for fire, method used to collect perimeter data (‘C_Method’ column in dataset)

[34]

California Open Data Portal

This contains Shapefile having Latitude and Longitude of the fire events [33]. This

also contains the columns such as ‘IRWIN ID’, ‘Fire Name’ and Year which are used to join

the data with previous datasets to generate a master dataset.

Data Preparations and Descriptive Statistics

We downloaded the initial dataset used in this study from the California

Department of Forestry and Fire Protection’s Fire and Resource Assessment Program

(FRAP). This dataset contains the historical wildfire perimeter records across California

state. The raw data contain several inconsistencies and historical artifacts that require

pre-processing before it can be used for predictive modeling.
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Data Cleaning and Integrity checks

The FRAP dataset includes date fields, agency identifiers, incident descriptors and

polygon geometric for each recorded fire incident. The first stage of preparation involved

standardizing field types and identifying the unusable records such as missing or corrupted

data.

Date Standardization. Both ALARM_DATE and CONT_DATE fields were

parsed into date-time object. Rows having non-parseable dates were removed.

Inconsistent fields. Records with inconsistent values such as CONT_DATE lower

than ALARM_DATE were removed.

Removal of duplicate and malformed records. Some entries contained

duplicate IRWINIDs or incomplete polygon geometries. Duplicate rows and entries with

missing geometries were removed. This ensured that each incident record represented a

unique fire incident with complete spatial and temporal information.

Spatial Preprocessing

The shapefile provided by California Open Data portal includes detailed polygons

for the burned area for each incident. To create the usable spatial features, centroid

coordinates (latitude and longitude) were extracted from each polygon. These coordinates

were merged with the cleaned tabular data using the unique incident identifier (IRWIN ID

and FIRE NAME). Entries for which centroid calculation failed due to corrupted records

were excluded.

Descriptive Statistics

After completing data cleaning, removal of invalid entries, and merging the FRAP

perimeter attributes with centroid coordinates extracted from the shape-files, the final

analytical dataset consisted of 15547 wildfire incidents with complete spatial, temporal,

and descriptive information.

The dataset spans multiple decades of California wildfire activity. Because the goal

of this study is to evaluate model performance on future events, a temporal split was used:



PREDICTING CALIFORNIA WILDFIRES CONTAINMENT DURATION 12

fires occurring before 2018 were used for training, and fires from 2018 onward were reserved

as validation or test set. This ensures that evaluation reflects generalization to unseen

future fires rather than random resampling.

Table 1 reports descriptive statistics for the main numerical variables used in

modeling. The strong difference between the mean and median containment duration

confirms the heavy right-skew of the target variable and supports the use of a

log-transformed target during model training

Variable count mean std min 25% 50% 75% max

containment_days 15546 5.787 21.128 0.00000 0.00000 0.00000 2.000000 638

log_cont_days 15546 0.699 1.1648 0.00000 0.00000 0.00000 1.098612 6.45

GIS_ACRES 15546 2138.36 17391.38 0.001171 21.91567 106.392 505.1853 1032700

log_acres 15546 4.77410 2.2668 0.001170 3.131821 4.676486 6.226903 13.85

Target Variable Derivation and Pre-Processing

The primary target for this regression task is to calculate the Containment Time (in

days). This variable is computed as the number of days between a fire’s Ignition Date and

its 100% Containment Date. The combined FRAP perimeter dataset contains two date

fields which are important for this calculation: “Alarm_Date” which represents the

recorded fire ignition date and “Cont_Date” which represents the recorded date when the

fire was fully contained. Both fields stored as strings in the dataset were converted to

date-time objects for the calculation. Records or rows where these dates were either

missing or corrupted were removed to avoid any parsing errors. Also, the records where

there were structural inconsistencies such as Cont_Date value lower than Alarm_date were

removed to avoid distorting the model behavior.

One important nuance of the combined FRAP dataset is that the “YEAR_”

column does not always reflect the true year of the wildfire. This represents the year when

the fire incident was digitized. So, for the very old wildfire events (e.g. year 1899), the
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YEAR_ value shows a later date (date when digitized) e.g. 1945 but the Alarm and

Containment dates shows thew actual date i.e. 1899.

The resulting variable, i.e. containment_days is a continuous measure representing

the operational duration of suppression activity for each fire. This metric forms the basis

for all predictive modeling tasks in this study.

Analysis of this variable shows a strong positive (right) skew. This is typical for

duration-related wildfire metrics, where most incidents are resolved quickly while a smaller

number persists for extended periods. This skewness is also consistent with the broader

pattern observed in wildfire-related variables – such as burned area – which are known to

follow heavy-tailed distributions [35].

Figure 4

Wildfire data showing heavy-tailed distribution

[35]

The dataset contains many small, quickly contained fires (1-3 days) and a long tail

of large, complex "megafires" that burn for many weeks. Training a regression model on

such a skewed distribution can lead to high sensitivity to outliers and poor overall

performance, as the model would be heavily biased by the few extreme-duration events.
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To address this and stabilize the variance, a log-transformation was applied. The

final target variable used for all model training is log_Containment_Time, calculated as

target = log(1 + Containment_Time_Days})

All model predictions are generated in this log-transformed space and are then converted

back to the original scale for evaluation and interpretation in actual days using the

inverse-transformation.

prediction = exp(target) − 1

This ensures that reported errors and model comparisons reflect actual containment

durations in days.

Plotting the log transformed image looks much more interpretable as opposed to

regular plot.

Figure 5

Linear-Scale vs Log-Scale distribution of wildfire containment days

Feature Engineering

For the feature engineering in this study, we constructed a set of meaningful and

interpretable variable derived directly from the FRAP dataset enriched with coordinates

from the corresponding shape-files. Because the dataset provides only static attributes for

each incident, all engineered features represent fire-level characteristics. These features
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capture seasonal timing, spatial location, fire size and incident-level description attributes.

All of these have established relationships with wildfire duration and suppression outcomes.

Temporal Features

Although the YEAR_ and DECADES fields are present in the raw data, they were

excluded due to inconsistencies arising due to historical digitization practices. Both

YEAR_ and DECADES columns represent the year or decade when the records were

digitized rather than the actual year or decade of wildfire. Instead, all temporal features

were derived directly from the ignition date (ALARM_DATE), which provides the most

reliable order of the incident.

Spatial Features

Latitude and Longitude fields were generated by computing the centroids of the fire

perimeters from the shape-file. These coordinates provide useful spatial representation of

each incident’s location. Spatial attributes play an important role in wildfire behavior

because topography, fuel type and climate vary significantly across California. [36] [37]

Fire Characteristics

The FRAP dataset includes various static descriptors of fire behavior and

management: (1) burned_area_acres (GIS_ACRES) – total area burned, (2) log_acres =

log (1 + GIS_ACRES) – Since burned area is also highly skewed, a log-transformed

version is more useful to reduce the influence of large incidents and help stabilize the

variance. [38] [39] [40]

Categorical Descriptive Features

FRAP dataset also has Various categorical attributes which capture causal aspects

of each fire incident that may influence the containment time: (1) CAUSE – ignition cause

classification [41], [42], (2) AGENCY - Direct protection agency responsible for fire, (3)

UNIT_ID - ICS code for unit, (4) C_METHOD - Method used to collect perimeter data,

(5) OBJECTIVE - Tactic for fire response
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LSTM-Specific Considerations

Although LSTM models are traditionally applied to sequential data, the

architecture can also be used as a deep nonlinear mapping when fed with fixed-length

vectors. For this reason, the same static feature set described above was provided to the

LSTM in vectorized form, with categorical variables embedded and numeric variables

standardized. No temporal sequences were available in the dataset, so the LSTM effectively

learns higher-order interactions among static features rather than time-series patterns. The

inclusion of the LSTM model thus serves as a comparative deep learning baseline alongside

the tree-based methods.

METHODS

We used the FRAP dataset for modeling the California wildfire containment

duration. The modeling pipeline consists of: (1) dataset preparation (clean and transform),

(2) pre-processing & encoding, (3) training the models, (4) evaluating the models on the

validation dataset, (5) Finally, comparing the performance of those models. For the

purpose of this study, we selected Random Forest and XGBoost as the baseline ensemble

models. Also used a deep learning LSTM model.

Target variable

Containment duration was calculated directly from ALARM_DATE and

CONT_DATE and used as the prediction target. Due to its heavy right-skewed

distribution, a log transformation was applied during model training, with predictions

converted back to days using:

y_days = exp(log_containment_days) − 1

This transformation ensured numerical stability across all modeling approaches.

Training Strategy

To train the model, we cleaned and preprocessed FRAP dataset, then split into

training and test set. This split was chosen according to temporal split strategy rather than
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random sampling. Wildfire data for incidents happened before the year 2018 was used for

training and between 2018 to 2025 was used for validation set. This also helped reflect the

real scenario where model predicts future events rather than identifying the past events.

We used scikit-learn library in Python to build the Tree-based ensemble models, while the

LSTM was built using the Keras (TensorFlow) library. Year 2018 was taken as a threshold

for train/test split for all model evaluations. Hyper-parameters were tuned using 5-fold

cross-validation. A separate validation set is not required here since we used GridSearchCV

for training which uses train data as folds and rotate the validation set internally to tune

the hyper-parameters. Total training samples came out to be 12804 (records until the year

2018) and test samples as 2742 (records between the year 2018 and 2025).

Random Forest Regression - Baseline

We selected Random Forest as an initial benchmark due to its ability to model

mixed feature types and interpretability via feature importance. Also, because Tzimas et

al. (2024) achieved strong results using for fire duration classification with this model,

suggesting the algorithm can capture relevant patterns [21]. Hyper-parameters tuned

during training included: (a) number of trees (n_estimators), (b) maximum tree depth, (c)

minimum samples per split/leaf, (d) bootstrap sampling

We used RandomForestRegressor from Scikit-learn library here for training the

Random Forest model. Random Forest served as a stable baseline against which more

advanced models were compared. Following hyperparameter were tuned: n_estimators

[200, 350, 500, 700], max_depth [10, 20, 40, None], min_samples_split [2, 5, 10],

min_samples_leaf [1, 2, 4], max_features ["sqrt", "log2", None]

After training with the current FRAP dataset, the optimal values of

hyper-parameters came out to be: n_estimators 350, max_depth 10, min_samples_split

2, min_samples_leaf 1, max_features "sqrt". The overall mean absolute error for Random

Forest model came out to be 6.63 and Root mean square error as 22.60. This was slightly
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higher than XGBoost which means this model underperformed.

XGBoost Regression

XGBoost (Extreme Gradient Boosting) is selected as another model because it

works better on the structured tabular dataset. Secondly, XGBoost can model non-linear

interactions between spatial, temporal and categorical wildfire characteristics. Marjani et

al. (2023) found XGBoost superior to other methods for California wildfire spread

prediction [20]. Other studies also found it to be better [43]. Gradient boosting builds

decision trees in multiple iterations correcting the residual of prior iteration. This enables

higher accuracy maintaining the generalizations. For this study, we tuned following

hyper-parameters: (a) learning rate, (b) max_depth, (c) number of trees, (d) subsample

and column sampling rates, (e) early stopping rounds.

For the XGBoost model, we used the standalone library providing the model as

XGBRegressor. Following hyper-parameters were tuned: n_estimators: [300, 500, 700],

learning_rate: [0.01, 0.05, 0.1], max_depth: [4, 6, 10], subsample: [0.6, 0.8, 1.0],

colsample_bytree: [0.6, 0.8, 1.0], gamma: [0, 0.2, 0.4]

After training, following hyper-parameter values came out to be the most optimal:

n_estimators: 500, learning_rate: 0.01, max_depth: 4, subsample: 0.6, colsample_bytree:

0.8, gamma: 0.4. The overall mean absolute error for XGBoost model was 6.53 and Root

mean square error as 22.37. This model performed slightly better than Random Forest.

Due to the nature of wildfire attributes, with heavy-tailed response (containment

duration), XGBoost was expected to outperform the Random Forest model. Although, it

was only marginally better.

LSTM Deep learning Model

Long Short-Term Memory (LSTM) networks are design for sequential or evolving

signals such as fire spread over time [44]. The dataset we chose did not have temporal
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sequences such as wind speed or other weather conditions prior to fire alarm date. We ran

10 trials of BayesianOptimization tuning the following hyper-parameters: units, dropouts

and learning rate. After completing all the trials, the most optimal values for

hyper-parameters came out to be: units = 192, dropouts = 0.1 and learning rate = 0.001.

The overall mean absolute error for LSTM model was 7.07 and Root mean square error as

23.67.

Due to the limited features in the dataset, LSTM did not perform better than

XGBoost and exhibited the weakest performance. But for future work, we can incorporate

daily meteorological data, fuel moisture history, vegetation time series, or Satellite heat

signatures along with the current static dataset to train the LSTM model which should

outperform the tree-based models.

Evaluation Metrics

Model performance was assessed using three metrics computed on real units (inverse

transformed i.e. actual number of days instead of logarithmic data) predictions: (a) Mean

absolute error (MAE), (b) Root mean squared error (RMSE), (c) R-squared or proportion

of variance.

Results & Analysis

All the three models (Random Forest, XGBoost and LSTM) were tested on the test

set to compare the performance when compared with the actual values. The comparison

was performed on the real units (number of days) after converting the model output back

from the log values.

Overall Model performance

Following table summarizes the performance of the trained models. XGBoost

achieved the strongest predictive accuracy among the three models and across all the

metrics. Random forest performed better than LSTM mostly due to the absence of
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temporal parameters.

Model MAE RMSE R2

Random Forest 6.6317 22.6070 0.1897

XGBoost 6.5261 22.3712 0.2065

LSTM 7.0661 23.6704 0.1117

XGBoost achieved the lowest MAE and RMSE. This indicates that XGBoost was

consistently better on both regular as well as high-duration fires. The R-square value

further suggests stronger performance. This aligns with the literature studies of structured

wildfires-related data where the parameters are static, and time related dimensions are

unavailable.

Error distribution & Model behavior

Residual analysis of all three models demonstrates a consistent pattern: (a) Short

duration fires (0-10 days) were predicted with reasonable accurately, which also forms the

majority of the dataset, (b) Errors increased progressively with containment duration,

specifically for incidents extending over 4̃0 - 50 days, (c) Extreme long tail events remains

difficult to predict

A visualization of prediction error versus true containment duration shows that all

models systematically underestimate long-duration fires with prediction error increasing

monotonically with containment time. This highlights the difficulty in predicting heavy-tail

extreme wildfires using only initial-condition attributes.

Random Forest and XGBoost both exhibit extreme positive prediction errors,

indicating some overestimation but most of it was underestimation. LSTM on the other

hand displays the least variance in it’s prediction. It produced compressed outputs near

the mean which shows it’s stability but poor adaptability to extreme duration estimation.

This is an expected outcome when predicting a variable with fat-tailed behavior

using static incident attributes alone.
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Figure 6

Prediction error for containment duration for various models

Why XGBoost Outperformed LSTM

The current dataset provides only static parameters per wildfire incident. Without

multi-day fire spread, fuel moisture evolution, or temporal meteorological context, an

LSTM behave like a dense feedforward network. XGBoost on the other hand naturally

handles non-linear tabular interactions, and heavy-tailed regression targets like

containment days in current dataset. This validates the hypothesis: In static fire-incident

data, gradient-boosted trees outperform recurrent neural networks. The LSTM results are

still valuable. It demonstrates that deep learning does not under-perform due to model

weakness but rather due to missing temporal features in the dataset.

Feature importance & Interpretation (Tree based models)

Feature importance analysis was performed using both Random Forest and

XGBoost models. Figure 7 and 8 shows the graphs plotted for all the features in these two

models. Feature importance ranking for these models shows which factors most influenced

containment duration
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Figure 7

Feature Importance for Random Forest Model

Both models (RF and XGB) independently ranked C_Method (Perimeter collection

method) as the strongest predictor of containment time. It’s predictive strength likely arise

because advanced mapping technologies are more commonly deployed for larger and harder

to contain incidents which span multi-weeks. Therefore, C_Method acts as a proxy variable

for event scale and operational complexity. CAUSE and GIS_ACRES are next strong

predictors which are both naturally tied to wildfire behavior. Geographic coordinates like

Latitude and Longitude hold moderate explanatory power. Remaining parameters like

UNIT_ID contributed weakly which indicates that the containment duration is driven

more by physical & situational characteristics rather than formal authority boundaries.

Practical Implications

These results indicate that short-duration (1-10 days) fire incidents which forms the

majority of the fire incidents can be predicted with reasonable accuracy using static

attributes. However, the long duration extreme cases (40 - 50 days) remain difficult to

predict due to fat-tailed nature of containment time. Gradient boosted tree models (e.g.

XGBoost) are best suited for static non temporal wildfire attributes and outperform deep
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Figure 8

Feature Importance for XGBoost model

learning models under this constraint. Deep learning models performance is limited

without sequential progression data (weather evolution, suppression actions over time, fuel

moisture change, etc.), but is expected to improve significantly when temporal features are

incorporated.

For practical considerations, what this means is that tree-based gradient-boosted

models provide useful predictions for early incident planning and resource allocation for a

fire incident. Whereas the deep learning architectures can assist with multi-day

containment forecasting once the temporal data attributes are made available.

Limitations and future directions

The key limitation here is the lack of temporal features. If we can join the current

dataset with temporal parameters such as (a) daily progression perimeter growth, (b)

meteorological sequences like wind speed, temperature etc., (c) Fuel moisture indices, (d)

Satellite thermal evolution, then LSTM or GRU models could capture the evolving fire
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behavior more effectively than XGBoost.

Summary

The current study addressed a critical gap in wildfire management research by

building a machine learning model to predict the California wildfire containment duration

in days. XGBoost provided the best performance for predicting wildfire containment

duration from static FRAP attributes. Random Forest served as a stable baseline, while

LSTM performance confirmed that recurrent deep models require temporal structure to

fully realize their strengths. These findings established a benchmark for a practical

prediction method for California wildfire containment duration. It also presents a clear

path forward for future data collection and modeling work.
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Appendix

AI Use

Artificial intelligence tools (such as Overleaf AI assistance) were used only for grammar

and spelling correction. All research, writing, analysis, and interpretation reflect the

author’s work.
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