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Abstract


Given the critical importance of timely forest fire detection to mitigate environmental and socio-economic consequences, this research aims to achieve high detection accuracy while maintaining real-time operational efficiency, with a particular focus on minimizing computational complexity. We propose a novel framework that systematically integrates normalization, feature selection, adaptive oversampling, and classifier optimization to enhance detection performance while minimizing computational overhead. The evaluation is conducted using three distinct Canadian forest fire datasets: Alberta Forest Fire (AFF), British Columbia Forest Fire (BCFF), and Saskatchewan Forest Fire (SFF). Initial classifier benchmarking identified the best-performing tree-based model, followed by normalization and feature selection optimization. Next, four oversampling methods were evaluated to address class imbalance. An ablation study quantified the contribution of each module to overall performance. Our targeted, stepwise strategy eliminated the need for exhaustive model searches, reducing computational cost by 97.75% without compromising accuracy. Experimental results demonstrate substantial improvements in F1-score, AFF (from 69.12% to 82.75%), BCFF (61.95% to 77.91%), and SFF (90.03% to 96.18%) alongside notable reductions in False Negative Rates compared to baseline models.
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1. Introduction


Forest fires pose a growing threat worldwide, inflicting severe damage on ecosystems, biodiversity, infrastructure, and human life [1]. While natural fires have historically contributed to ecological renewal, recent decades have seen a dramatic increase in both the frequency and intensity of wildfires [2]. In Canada, the 2023 wildfire season was the most catastrophic ever recorded, with over 6000 fires consuming more than 15 million hectares, primarily boreal forest, along with peatlands, mixed wood forests, and some grasslands [3]. This burned area, which far exceeds the size of England, is more than twice the previous record set in 1989 and dwarfs the historical annual average of 2 million hectares burned [4].



Unprecedented in scale and geographic spread, these fires impacted nearly every region, from British Columbia to the Atlantic provinces and even the North, with 29 mega-fires (>100,000 hectares) active by mid-July [5]. This escalation is closely linked to climate change, which is altering weather patterns in ways that create more favorable conditions for wildfires. In addition to climatic influences, anthropogenic factors, such as land use changes, population density, and human-induced ignition sources (e.g., agricultural burning, power lines, and recreational activities) also play a critical role in increasing forest fire risk [6]. These human-driven contributions further compound the effects of climate change, leading to more frequent and severe wildfire events. Moreover, higher global temperatures result in drier environments, as they increase evaporation rates from soil and vegetation, leading to conditions ripe for ignition [7]. Additionally, climate change is causing more frequent and severe droughts, which further dry out forests, making them highly flammable. Shifts in vegetation types due to changing climate conditions can also lead to an increase in highly flammable plant species, while the increased frequency of extreme weather events, such as heatwaves and lightning storms, directly triggers fires or creates conditions conducive to their spread.



In response to this escalating threat, machine learning (ML) and deep learning (DL) have emerged as transformative tools for forest fire prediction and early detection [8,9]. These data-driven models can analyze heterogeneous data sources, such as weather patterns, vegetation indices, and topography to identify complex, nonlinear relationships that inform risk assessment [10]. For example, ML and DL algorithms can model and predict forest fire risks by identifying patterns and correlations not immediately apparent to human analysts [10]. Remote sensing technologies, such as Sentinel-3, have also played a vital role in enhancing fire detection accuracy by providing high-resolution thermal and optical data, enabling real-time monitoring both during the day and at night. Integrating such data with ML and DL models can further improve the spatiotemporal precision of fire prediction systems [11]. These predictive models can provide early warnings of high-risk conditions, allowing authorities to take preventive measures such as issuing public alerts, enforcing fire bans, and strategically deploying firefighting resources. Moreover, by integrating climate change projections into predictive models, ML and DL can forecast long-term changes in fire risk, aiding in better planning and adaptation strategies [12].



For real-time fire detection and monitoring, ML- and DL-based systems are integrated with satellite imagery, drones, and ground-based sensors to detect fires in real time by identifying signs such as smoke and heat signatures [13]. Early detection is crucial for preventing small fires from escalating into large, uncontrollable blazes [14]. Automated detection systems can almost instantaneously alert firefighting teams and other stakeholders, enabling rapid response times [15]. Continuous monitoring and analysis of fire behavior and environmental conditions also support data-driven decision-making during firefighting operations [16]. ML models can simulate different scenarios and suggest the most effective strategies for fire suppression and containment. These systems enable alerts to emergency responders, significantly reducing the time between ignition and response. Furthermore, data-driven simulation models can predict fire behavior and guide tactical decisions in suppression operations. This capability enhances the resilience of both natural ecosystems and human settlements.



Figure 1 illustrates a high-level system model that leverages multi-modal data and supervised ML/DL algorithms to generate dynamic fire risk maps. Typical input features include meteorological conditions, topographical data, vegetation cover, and historical fire records—processed into model-ready formats for accurate detection [17].



While ML and DL models can significantly enhance forest fire detection, the process of collecting raw data and creating a model-ready dataset is challenging [18]. One of the first steps involves gathering comprehensive and high-quality data from various sources such as satellite imagery, weather stations, and historical fire records [19]. These raw data often come in different formats and scales, necessitating extensive preprocessing to ensure consistency and usability.



Feature engineering is a critical phase where relevant features are extracted from raw data to improve model performance [20]. This might include calculating vegetation indices from satellite images, deriving drought indices from weather data, or integrating topographical features. Proper processing of these features is often strengthened with domain knowledge to ensure they accurately reflect conditions that influence fire risk.



Another challenge is data balancing. Forest fire datasets often suffer from class imbalance, where the number of fire occurrences is significantly lower than non-fire instances. This imbalance can lead to models that are biased towards predicting the majority class. Techniques such as oversampling, undersampling, and synthetic data generation (e.g., Synthetic Minority Oversampling Technique (SMOTE) and Adaptive Synthetic Sampling (ADASYN)) are employed to address this issue and ensure the model learns to detect fires accurately [21].



Model tuning, including selecting appropriate algorithms and optimizing hyperparameters, is essential to maximize the performance of ML and DL models [22]. This process involves iterative experimentation and validation to find the best model selection. Techniques such as cross-validation, grid search, and Bayesian optimization are commonly used to systematically explore the hyperparameter space and improve model accuracy and robustness [23].



Developing an effective machine learning model for forest fire detection requires a sequence of methodical and rigorously executed steps, including data acquisition, preprocessing, feature selection, class balancing, and hyperparameter optimization. The quality and integrity of input data at each stage are critical, as shortcomings in early phases can significantly degrade model performance. In this study, we present a comprehensive framework that includes an ablation study systematically evaluate the contribution of each component, highlighting the elements most critical to model robustness and predictive reliability. We validate our methodology using datasets from diverse regions, including Alberta [24], British Columbia [25], and Saskatchewan [26], demonstrating its effectiveness in predicting fire risks under varying environmental conditions.



Objective:



The core objective of our work lies in proposing a lightweight, modular pipeline for forest fire risk modeling that is both reproducible and adaptable to various geographic regions, if the relevant input features are available. Instead of relying on computationally intensive deep learning approaches, our methodology focuses on efficient model development by systematically identifying the most effective preprocessing and modeling strategies. This includes selecting the best normalization technique for preparing the data, choosing the most suitable oversampling method to handle class imbalance, identifying optimal feature subsets and applying effective feature engineering techniques, and finally, selecting the most appropriate classifier based on comparative performance. The entire process is designed to be computationally efficient, making it particularly useful in regions with limited computing infrastructure. As such, our pipeline supports generalizability and can be readily applied to other regions globally where similar data types are available, offering a practical and scalable approach to forest fire risk prediction.



1.1. Major Contributions


The major contributions of this paper are as follows:




	
In contrast to traditional exhaustive model searches (which are typically computationally expensive and time consuming), we introduce a targeted evaluation strategy. This approach sequentially identifies and selects the optimal configuration of preprocessing, feature selection, oversampling, and modeling techniques, customized to the unique characteristics and requirements of individual datasets. By narrowing down model choices based on prior optimizations, this strategy significantly reduces computational overhead and development time. Despite these efficiencies, it maintains high model accuracy, making it ideal for real-time forest fire detection applications.



	
To validate the proposed methodology, we utilize three distinct and geographically varied datasets of three provinces in Canada, namely, Alberta, British Columbia, and Saskatchewan. Each dataset presents unique environmental conditions, providing a comprehensive evaluation of our approach’s robustness and adaptability. The validation demonstrates the ability of the proposed methodology to predict fire risks effectively across a range of conditions, ensuring its scalability and applicability to different regions.



	
We conduct an ablation study to assess the relative importance of each component in our methodology. By systematically removing or modifying individual elements, we identify the most influential features, preprocessing steps, and techniques that contribute to optimal model performance. This study ensures that the final model is optimum, highlighting the essential steps required to achieve robust forest fire detection.









1.2. Outline of the Paper


The rest of the paper is structured as follows: Section 2 provides the background and discusses various classification algorithms, along with feature selection approaches and oversampling methods. In Section 3, a review of related work on forest fire detection is presented. Section 4 examines three datasets from different regions of Canada, focusing on the identification of key features and the development of the feature set for forest fire detection. Section 5 introduces the proposed methodology, emphasizing the design of experiments to formulate our novel approach, as well as demonstrating its computational efficiency compared to exhaustive search methods. Section 6 presents the model training and deployment. Section 7 presents results and discussions where we analyze each dataset to identify optimal modeling parameters that enhance both model accuracy and computational efficiency. Section 8 summarizes the key takeaways from our findings based on the results. Finally, Section 9 provides the conclusions and future recommendations.





2. Background


The increasing frequency and intensity of wildfires driven by climate change and human activities have made early fire detection a critical priority. ML and DL models have emerged as powerful tools for detecting and predicting forest fires by analyzing complex environmental, meteorological, and spatial patterns [8,18]. Despite their promise, the effectiveness of these models is hindered by several methodological challenges: (1) selecting appropriate classification algorithms, (2) identifying the most relevant features, (3) addressing severe class imbalance between fire and non-fire instances, and (4) employing ablation techniques for rigorous model evaluation. In this section, we discuss the strengths and limitations of existing approaches across these four key areas.



2.1. Tree-Based Classification Models for Forest Fire Detection


Machine learning and deep learning algorithms can model complex relationships in environmental data that are often nonlinear and dynamic. Tree-based classifiers, such as Decision Trees (DT), Random Forests (RF), Gradient Boosting (GB), and Extreme Gradient Boosting (XGB), have proven particularly effective for forest fire prediction due to their interpretability, scalability, and robustness against noisy data [27,28,29,30]. These models are capable of learning from heterogeneous data that include temperature, humidity, wind speed, and vegetation indices. DTs provide a transparent structure that is easy to interpret, though they may suffer from overfitting. RF enhances generalization by training an ensemble of DTs on bootstrapped data and averaging their outputs, while Bagging further stabilizes performance through variance reduction [29]. Boosting methods, including GB and Adaptive Boosting (AdaBoost), build sequential models that focus on hard-to-classify instances, making them highly effective in scenarios with class imbalance or noisy labels [20,30]. XGB further improves computational efficiency and generalization through regularization. The adoption of these algorithms in wildfire research reflects their ability to balance trade-offs between interpretability, computational cost, and detection accuracy. Moreover, these methods are well-suited for real-time or near-real-time prediction settings, where responsiveness and scalability are critical.




2.2. Feature Selection Strategies to Enhance Predictive Performance


With environmental datasets often containing dozens of correlated and redundant variables, feature selection (FS) is essential to improving model performance, reducing overfitting, and enhancing interpretability. Two widely adopted approaches are Model-Built Feature Importance (MBFI) and Recursive Feature Elimination (RFE) [31]. MBFI techniques utilize the internal structure of tree-based models (e.g., RF, GB, XGB) to rank features based on their contribution to splitting decisions. These scores reflect how much each feature reduces node impurity (e.g., Gini index) or improves accuracy (e.g., Gain) during model training. This approach is computationally efficient and directly compatible with ensemble classifiers. RFE, in contrast, is a wrapper-based technique that starts with the full feature set and iteratively removes the least important features according to a trained classifier [32]. When combined with tree-based models, RFE can provide highly accurate and compact feature subsets. RFE with RF leverages impurity reduction to guide feature elimination, while RFE with GB and XGB use loss reduction and regularization-adjusted Gain metrics to identify critical predictors [33,34,35]. These techniques are especially useful in domains like fire detection, where input features such as temperature and humidity vary spatially and temporally and where the elimination of redundant features can significantly speed up model training and inference. Despite their advantages, RFE methods are computationally intensive and require repeated training of models, making them more suitable for offline optimization rather than deployment in real-time systems. Nevertheless, they remain valuable for identifying domain-specific features that improve model generalization.




2.3. Data Balancing Techniques to Address Class Imbalance in Fire Events


A critical challenge in wildfire detection is the inherent class imbalance in most datasets, as fire events are far less frequent than non-fire instances. This imbalance leads to biased models that may achieve high overall accuracy but perform poorly in detecting actual fire occurrences. Addressing this requires effective data balancing strategies that amplify minority class representation without introducing noise or overfitting. SMOTE and its variants are commonly used to tackle this problem. SMOTE generates synthetic minority (fire) instances by interpolating between existing minority examples and their nearest neighbors [36]. This approach reduces overfitting associated with simple duplication and enhances the classifier’s exposure to minority class patterns. More advanced methods improve upon SMOTE by focusing on regions of the feature space where misclassifications are likely. Borderline SMOTE targets instances near class boundaries, generating new samples that help refine decision surfaces [37]. Support Vector Machine–SMOTE (SVM-SMOTE) uses support vectors to identify critical minority instances and creates synthetic data in their vicinity, improving classifier sensitivity near complex boundaries [38]. SMOTE with Edited Nearest Neighbor (SMOTE-ENN) integrates SMOTE with a postprocessing filter to remove noisy samples and preserve class boundaries [39]. ADASYN further adapts the sampling density by focusing on harder-to-learn minority instances, enhancing the model’s ability to learn from underrepresented but informative data points [40]. These balancing methods are essential in fire detection tasks where false negatives can have severe consequences. When used in conjunction with ensemble classifiers, they significantly improve recall and overall model fairness.



Ablation Techniques in Model Evaluation


In addition to balancing the data, ablation techniques can play a significant role in improving the performance of predictive models. Ablation involves systematically removing or altering specific components of the model to assess their impact on overall performance [41]. This process helps researchers understand the role of various preprocessing, feature selection, and/or data balancing strategies in determining which model components are most critical for successful outcomes. By identifying the most influential elements, ablation methods contribute to the refinement and optimization of machine learning models. Research has shown that ablation studies can significantly enhance model accuracy by focusing on the most essential features and techniques for the task at hand [42,43,44].






3. Related Work


Forest fire detection is a critical area for mitigating environmental damage and loss of life. Over the years, machine learning (ML) techniques have gained traction in this domain due to their ability to model complex, nonlinear interactions between fire-related factors. Initial methods relied on traditional statistical approaches such as logistic regression and Decision Trees, which lacked the capacity to capture the intricate dependencies among meteorological, topographical, and vegetation variables [45]. More recently, advanced ML algorithms including neural networks, ensemble methods, and deep learning architectures have demonstrated improved predictive accuracy by leveraging richer datasets and more sophisticated model structures [46,47].



Despite these advances, several critical challenges hinder progress in forest fire detection. Firstly, the scarcity of comprehensive, publicly available benchmark datasets, particularly for Canadian forests, which constitute 9% of the global forest area [48], severely limits model validation and cross-comparison [49,50]. While Kaur et al. [24] compiled an 18-year dataset for Alberta and addressed class imbalance with Near-Miss3 undersampling, their work did not incorporate machine learning-based feature selection, leaving room for improvement in feature optimization. Expanding on this, Mutakabbir et al. [51] created a nationwide Canadian dataset and introduced the novel STAS technique for imbalance handling, achieving promising results with deep learning models; however, issues remain regarding model robustness and feature diversity [52]. In parallel, the emergence of Internet of Things (IoT) technology and federated learning offers new avenues for scalable, privacy-preserving fire detection frameworks. Purcell et al. [25] pioneered a federated learning approach on IoT-collected British Columbia fire data, while Tavakoli et al. [26] demonstrated performance gains using hybrid class balancing combining SMOTE and Near-Miss3. These approaches underscore the trend toward hybrid data processing techniques to address highly imbalanced datasets [53,54,55].



Moreover, recent works have expanded the scope beyond binary fire occurrence detection to include dynamic risk mapping and real-time monitoring, using advanced convolutional neural networks [47], multi-modal satellite imagery [56], and topographical analysis [57]. These innovations enhance situational awareness but still fall short in automated feature selection and standardized evaluation protocols, which are critical for generalizable and interpretable models. Model evaluation practices remain inconsistent, with a notable lack of standardized metrics and cross-validation across multiple datasets. The adoption of robust metrics such as Receiver Operating Characteristic—Area Under the Curve (ROC-AUC), alongside accuracy, precision, recall, F1-score, False Positive Rate (FPR), and False Negative Rate (FNR), has been advocated to provide comprehensive assessment [58]. This is essential for fair comparison and understanding of trade-offs in imbalanced forest fire datasets.



In summary, several major research gaps remain unaddressed in the domain of forest fire detection. These include (i) the limited availability of benchmark datasets representing diverse Canadian forest regions, (ii) the underutilization of automated feature selection techniques such as Recursive Feature Elimination (RFE), (iii) the need for more effective data balancing strategies that assess both undersampling and oversampling methods, (iv) insufficient integration of multi-modal data sources for comprehensive modeling, (v) limited scalability and adaptability of existing models across different geographical regions, and (vi) a lack of standardized and rigorous evaluation for modeling. Table 1 summarizes key recent studies, their contributions, and remaining gaps. Our study aims to address these gaps by proposing a comprehensive methodology that integrates automated feature selection, hybrid data balancing, and robust cross-validated evaluation, validated on multiple Canadian forest fire datasets: Alberta Forest Fire (AFF) [59], British Columbia Forest Fire (BCFF) [60], and Saskatchewan Forest Fire (SFF) [61]. This approach seeks to enhance prediction accuracy, generalizability, and interpretability of forest fire detection models.




4. Datasets


In this study, we have used three distinct forest fire detection datasets from three provinces in Canada, namely, Alberta, British Columbia, and Saskatchewan. These datasets include various features essential for detecting forest fires, such as day, month, location, and fire history, which help in analyzing fire patterns across different regions. Figure 2 illustrates the map of the study areas. Figure 3 provides an overview of the datasets, highlighting their key attributes and structure. Each dataset represents a specific region offering unique insights into the characteristics and dynamics of forest fires in these areas. For further details regarding the data sources of each dataset, please refer to the Appendix A section, as shown in Table A1.



The following subsections describe the development, features, and significance of each dataset in detail. Note that to evaluate the generalizability and robustness of the proposed approach, we used three publicly available wildfire datasets with varying feature sets and regional characteristics. This choice highlights that no single classifier, feature selection strategy, or oversampling method yields optimal results across all scenarios. The differences in dataset characteristics emphasize the need for adaptable models. A separate study aimed at harmonizing these datasets is currently underway.



4.1. Alberta Forest Fire (AFF) Dataset


Data collection and integration is a complex process due to the varying formats and resolutions of meteorological, biophysical, and topographical data. To address this, we standardized the data from multiple sources and integrated them into a unified dataset. The data focus on Alberta, Canada, covering an area of 661,848 km2, of which 61% is forested. Analysis of data from Alberta.ca [62] highlights the frequent occurrence of wildfires in the region each year. With a 10 km × 10 km spatial resolution, this dataset effectively covers fire ignition points. Higher resolutions (1 km × 1 km) result in a high-class imbalance, while lower resolutions (100 km × 100 km) may lead to multiple fire points in the same cell, causing imbalance. A daily resolution was chosen, and the dataset spanned 1 April to 31 October from 2000 to 2018, aligning with peak fire occurrences.



Three categories of data, namely meteorological, biophysical, and topographical data, were collected along with fire data for the Alberta forests.



Meteorological data from the Alberta Climate Information Service (ACIS) [63] were gridded daily for Alberta townships. We used wind speed feature from this data source. Daily noon temperature records were obtained from ERA5-Land [64] and also included in this dataset.



Normalized Difference Vegetation Index (NDVI) features were derived from historical Advanced Very-High-Resolution Radiometer (AVHRR) satellite images [65]. The annual raster files contained latitude, longitude, and 26 NDVI bands for Julian weeks (15–41) from 6 April to 11 October. Using QGIS, the mean multiband zonal statistics generated the mean NDVI values for each grid cell.



Digital Elevation Models (DEMs) from Earth Explorer [66] provided topographical features, using the Global Multi-resolution Terrain Elevation Data 2010 dataset [67] (1 arc-second resolution, 2000–2020). Merging three DEMs in QGIS created Alberta’s DEM. Features such as slope and aspect were extracted and combined with elevation data by Grid ID.



Fire location data from Alberta wildfire records [62], maintained since 1931, were used for the fire ignition labels in the dataset.



All data from these multiple sources were joined based on the grid ID and date to ensure same temporal and spatial resolution and the final dataset for Alberta forests was created in .CSV format. Table 2 depicts the features and label of AFF dataset with a brief description for each feature.




4.2. British Columbia Forest Fire (BCFF) Dataset


The BCFF was constructed by combining two primary sources of information, namely, historical meteorological data and wildfire ignition records, each carefully restricted to locations within the official boundary of British Columbia. Meteorological data were obtained from ERA5-Land, a well-validated global reanalysis product. These data consist of temperature, humidity, wind direction, surface pressure, and precipitation measurements at a spatial resolution of 0.1° (approximately 11 km2) and were downloaded for the period 1980–2020. To mirror observed ignition patterns in BC, only the months May through September were retained, as fewer than 1% of ignitions occur from October through April. Although ERA5-Land offers hourly observations, only midday (12:00) samples were included in order to reduce data volume while aligning with conventions in fire weather modeling.



The historical wildfire ignition records were sourced from the BC Wildfire Services public data. This dataset spans multiple decades but was filtered to match the meteorological timeframe of 1980–2020. Entries typically contained geographic coordinates, ignition dates, and ignition causes (e.g., lightning or human-induced). In cases where precise times of ignition were missing (common in older records), the spatial and date information was still preserved. Additional cleaning steps included removing duplicate or incomplete records, such as those with missing coordinates or dates, and discarding any ignition points that fell outside BCâ€™s boundaries.



After preparation, both datasets were standardized and merged. ERA5-Land files, initially in NetCDF format, were transformed into a tabular structure, creating rows keyed by date and geographic location. The ignition records were then joined to these rows, adding attributes for cause and binary ignition indicators, as well as any additional information (e.g., final burn area) when available. The result is a CSV-formatted dataset in which each record represents a specific day and location in BC. This record includes meteorological variables derived from ERA5-Land, along with an ignition label indicating whether a fire was initiated on that day and at that location. Table 3 depicts the features and label of AFF with a brief description for each feature.




4.3. Saskatchewan Forest Fire (SFF) Dataset


The forest fire dataset for Saskatchewan was created by integrating multiple data sources to capture the diverse ecological features and fire dynamics of the region [26]. Saskatchewan’s landscape, ranging from grasslands in the south to forests in the north, provides a unique opportunity to analyze fire behavior. The dataset was constructed using four main data sources: meteorological data from the Copernicus Climate Reanalysis (CCR) [68], historical fire data from the Canadian Wildland Fire Information System (CWFIS) [69], boundary files for the province, and water body data. The ERA5 climate data, covering the years 2000 to 2018, provided detailed time series of meteorological variables, such as temperature, humidity, and wind speed, which are essential for understanding the conditions leading to fire events. The fire data, sourced from CWFIS, offered precise fire locations, sizes, causes, and dates, critical for analyzing the spatial and temporal patterns of forest fires in Saskatchewan. The boundary files were used to clip the dataset to the province’s limits, ensuring that only relevant fire events within Saskatchewan were included, while water bodies were excluded to maintain the accuracy and relevance of the data for fire detection models [61].



A comprehensive data-cleaning process was then applied, which involved removing instances where no fire events occurred and excluding any data points that fell within water bodies. This ensured that only meaningful data were retained, enhancing the dataset’s suitability for fire detection. The final dataset, spanning from 2000 to 2018, contains over 5.6 million rows of data, including both fire and non-fire events [26]. Data collection and processing were conducted annually, with the ERA5 data retrieved 19 times once for each year in the range. The dataset, as detailed in Table 4, incorporates a wide range of attributes, including meteorological variables, fire characteristics, and geographic information. By combining high-quality meteorological data from ERA5 with detailed fire data from CWFIS, this dataset provides valuable insights into fire behavior and serves as a foundation for fire risk detection models in Saskatchewan.





5. Proposed Methodology


To develop a robust and efficient forest fire detection model, we adopted a systematic approach incorporating normalization, feature selection, data balancing, and evaluation techniques such as ablation studies. This methodology ensures that each component of the model is optimized, leading to improved predictive performance.



We began with an undersampled yearly dataset, following the dataset creators’ to mitigate class imbalance by applying a 5:1 undersampling ratio across all datasets. To further refine the dataset, we applied various preprocessing techniques incrementally, namely (i) normalization, (ii) automated feature selection, and (iii) oversampling, before performing a 10-fold cross-validation (CV), as illustrated in Figure 4. The normalization, feature selection, and oversampling for class balancing were implemented next.



We tested six different classifiers, namely, DT, RF, GB, XGB, and AB. These tree-based algorithms have been proven to be effective in predicting forest fire risks and addressing classification challenges in previous studies [24,60,61]. By identifying the best-performing classifier in this step, we aimed for best feature selection, feature engineering and oversampling strategy for enhancing model performance. In the next step, two normalization techniques, Min–Max Scaling and Standard Scaling were used and their impact on the model performance were compared. The goal was to determine the optimal normalization method.



Next, automated feature selection method was chosen and CV runs were conducted by varying the number of top features from 1 to   N f   in increments of 1, using the best normalization technique identified. The optimal feature subset was then chosen ensuring that only the most relevant features contributed to model training. To further enhance the performance by class balancing, we compared five oversampling techniques, namely, SMOTE, SMOTE-ENN, Borderline SMOTE, SVM-SMOTE, and ADASYN, applied to the training dataset. By systematically comparing their impact, we identified the most effective oversampling method, which was subsequently incorporated into later stages. This step was crucial for addressing class imbalance, a common challenge in fire detection models.



In addition, an ablation study to assess the individual contributions of normalization, feature selection, and oversampling was performed. This analysis provided valuable information on the relative importance of each preprocessing step.



Throughout all CV runs, we evaluated performance using seven key metrics, namely, accuracy, F1 score, precision, recall, FPR, FNR, and AUC. The best model was selected based on AUC, with F1 score serving as the tiebreaker when needed. For all classifiers, we used default parameters.



The computational demand in hyper-tuning and deep learning models may hinder the adaptation of data-driven AI-based solutions for forest fire risk prediction. A practical methodology and deployment strategy can encourage practitioners to use these methods. While an exhaustive search with   N 1   classifiers,   N 2   normalization methods,   N 3   feature selection methods,   N f   features and   N 4   oversampling methods requires    N 1  ×  N 2  ×  N 3  ×  N f  ×  N 4    cross-validation runs, using our proposed approach, we select the optimum model from    N 1  +  N 2  +  N 3  ×  N f  +  N 4    CV runs.



Note that while lightning is a major natural cause of wildfires, lightning forecast data were not incorporated in this study due to their limited availability and inconsistent real-time accessibility across the regions of interest. However, our proposed methodology and framework are designed to be extensible and can incorporate such data when reliable sources become available. Regarding human-related ignitions, although direct modeling of human activity is beyond the scope of this work, the improved spatial and temporal risk mapping provided by our approach can help wildfire management agencies better target prevention and rapid response efforts, thereby potentially mitigating human-caused fire incidents.




6. Model Training and Deployment


The offline training and real-time inference pipeline using our proposed methodology is illustrated in Figure 5. Periodic offline training and best model selection ensure that the system remains adaptive to new data, with the possibility of incorporating incremental training. During real-time inference, the fire risk of a region can be assessed using the output of the trained prediction model. To support early warning systems, our model is designed for real-time deployment and can be integrated with IoT infrastructures such as smoke and heat sensors, optical/thermal imaging, and satellite feeds. Once trained, the model can run on edge devices or cloud platforms to process streaming data, enabling fast and scalable fire risk inference. This integration helps reduce detection latency by providing predictive insights ahead of physical confirmation from sensors, thus enhancing situational awareness and response readiness.



While lightning is a major natural cause of wildfires, lightning forecast data were not incorporated in this study due to their limited availability and inconsistent real-time accessibility across the regions of interest. However, our proposed methodology and framework are designed to be extensible and can incorporate such data when reliable sources become available. Regarding human-related ignitions, although direct modeling of human activity is beyond the scope of this work, the improved spatial and temporal risk mapping provided by our approach can help wildfire management agencies better target prevention and rapid response efforts, thereby potentially mitigating human-caused fire incidents.



To evaluate the generalizability and robustness of the proposed approach, we used three publicly available wildfire datasets with varying feature sets and regional characteristics. This choice highlights that a single classifier, feature selection strategy, or an oversampling method may not yield optimal results across all scenarios. The differences in dataset characteristics emphasize the need for adaptable methodology and models. A separate study focused on harmonizing these datasets is currently underway.




7. Results and Discussions


In this section, we apply our proposed methodology to three forest fire datasets, namely, AFF, BCFF, and SFF. We use data from the year 2014 for each dataset, as 2014 ranked among the top five worst wildfire seasons in Canada in terms of total area burned. This selection provides a relevant test case for evaluating forest fire detection models. We demonstrate how ML-based detection performance can be improved by following our proposed methodology. The experimental results and corresponding discussions are provided for each dataset.



7.1. Alberta Forest Fire Detection


Table 5 shows baseline CV run results using AFF dataset for six classifiers. The RF model performs the best with an F-Score value of 80.23% and AUC of 86.38%. However, as expected, because of the imbalance (majority vs. minority ratio = 5:1), the FNR value is quite high (24.78%). Next, we applied different normalization techniques to see whether and what type of normalization may be effective for this dataset. Min–Max normalization achieves a slightly better result than Standard Scalar and baseline (no normalization). For subsequent experiments, we used Min–Max normalization.



We used six automated feature-ranking techniques and experimented with top N features where N varied from 1 to 9 with a step of 1. Two categories of feature selection methods were used: (i) Model-Based Feature Importance (MBFI) and (ii) Recursive Feature Elimination on Model-Based Feature Importance (RFE). The models used were RF, GB, and XGB. In the second category, it used the model’s built-in feature importance score, as well as Recursive Feature Elimination on top of that, i.e., RFE-RF, RFE-GB, and RFE-XGB. The results for both categories of feature are shown in Figure 6 and Figure 7.



GB and XGB feature selections provided the best result when the number of top features was 8. The only feature that was deemed not effective is wind speed. This finding can be intuitively explained as wind speed is a useful factor for forest fire growth modeling but has no or little impact on fire ignition. Although the difference in the result is not significant, we used the top 8 features for our subsequent experiments, i.e., eliminating wind speed from the input feature list. The top 8 selected features are shown in Figure 8 in descending order of the importance score of the feature. Similar results were obtained with the category 2 feature selection algorithms. For simplicity and speed, we considered XGB as our feature selection technique for further experiments. Next, we used five different synthetic data generation techniques also known as oversampling, for minimizing further the imbalance of the classes. The methods we used are SMOTE, SMOTEN, Borderline SMOTE, SVM-SMOTE, and ADASYN. A comparison of these methods is shown in Figure 9. The AUC value is increased to the maximum of 90.59% with ADASYN oversampling. As expected, the FNR was improved from baseline value of 24.78% to only 14.6%—about 41% reduction.



The ablation study results using the AFF dataset are shown in Table 6. It is interesting to note that the ablation of normalization had more negative impact on model performance than that of feature selection. This dataset contains features that are well-thought-out and therefore, there is not much scope of improvement using automated feature selection techniques; however, the proposed methodology would be effective for modeling activities with other datasets.




7.2. British Columbia Forest Fire Detection


Table 7 shows the cross-validation results of six classifiers with BCFF dataset. The Extreme Gradient Boost (XGB) model performed the best with an F-Score value of 77.52% and AUC of 86.18%. However, as expected, the FNR value was quite high (23.44%). Interestingly, the normalization did not have any impact on the performance of the model in this case. This requires further investigation to see how XGB works internally. For subsequent experiments, we used Min–Max normalization.



Next, we compared six automated feature-ranking techniques with top N features where N was varied from 1 to 18 with a step of 1. The results for the best feature selection method from both categories (without and with RFE) of feature selection are shown in Figure 10 and Figure 11. With only 18 features out of the total 23 features, RF feature selection provided the second-best result, with a ROC-AUC score of 86.50. We discarded the best result of 92.32% where fire history was the only feature since this was an exceptional case. In addition, considering only this feature will prevent us from detecting fire where fire may not have happened in the past. RFE-XGB also exhibited similar results with only 18 features. We considered RF as our feature selection technique for the rest of the experiments with this dataset. The top 18 features with BCFF using the RF feature selection method are shown in Figure 12.



The comparison of five oversampling techniques for minimizing further the imbalance of the classes and enhancing the model performance using BCFF dataset is shown in Figure 13. The AUC value increased to a maximum of 89.82% with SVM-SMOTE oversampling. As expected, the FNR improved from a baseline value of 23.18% to only 13.12%—about 43% reduction. Borderline SMOTE and ADASYN also came close with ROC-AUC values of 89.39% and 89.68%, respectively.



The ablation study result using the BCFF dataset is shown in Table 8. The most impact occurred when the fire history feature was excluded, which was the result of feature engineering. This quick ablation study using British Columbia Forest data further validates our systematic methodology to improve model performance. Normalization has no impact and feature selection in this dataset is much less important than feature engineering and oversampling.




7.3. Saskatchewan Forest Fire Detection


Table 9 shows the baseline CV run results using six classifiers and SFF dataset. The Gradient Boost (GB) model performs the best with an F-Score value of 96.01% and AUC of 97.46%. Interestingly, even with the imbalance (majority vs. minority ratio = 5:1), the FNR value is not as high as found in the other two datasets (4.38%); leaving us not much room for improvement. Next, we applied different normalization techniques to see whether and what type of normalization may be effective for this dataset. Interestingly, both normalization techniques, i.e., Min–Max and Standard Scalar, provided the same results and the dataset without normalization provided better results. For subsequent experiments, we used no normalization.



Next, we used six automated feature-ranking techniques and experimented with top N features where N varied from 1 to 26 with a step of 1. Sample results for the best feature selection methods from both categories (MBFI and RFE) are shown in Figure 14 and Figure 15.



MBFI-RF feature selection provided the best result with an ROC-AUC score of 97.61%, as shown in Figure 14. RFE-XGB from the second category shows significantly less accurate performance (an ROC-AUC score of 97.46%) with 13 features. We used RF with eight features for the rest of the experiments. Figure 16 depicts the feature importance scores for the top eight features.



The oversampling techniques for class balancing were applied next. The comparison results are presented in Figure 17. When comparing the results of oversampling with a model without oversampling, based on ROC-AUC and F1-Score, none of the oversampling methods worked well. However, Borderline SMOTE achieved the same ROC-AUC score of 97.61%, with a slightly lower F1-score, but approximately, a one percent reduction in FNR than those of the model without oversampling.



Next, we assessed the individual impact of normalization, feature selection, feature engineering, and oversampling by removing one technique at a time while keeping the remaining techniques unchanged. The results are shown in Table 10. The oversampling method had little impact on the performance of the model. However, like in the previous two datasets, the most impact was observed when excluding the fire history feature from the SFF dataset.



To validate the stability and robustness of our proposed model selection pipeline, we performed 10-fold cross-validation and reported average performance metrics including accuracy, precision, recall, F1-score, AUC, FPR, and FNR. We also calculated the standard deviation of these metrics across different folds for the best model configurations for the three datasets. The relatively low standard deviation values across the 10 folds as shown in Table 11, particularly with most metrics below 0.04, indicate that the model’s performance is stable and consistent across different subsets of the data. This suggests robustness and generalizability, demonstrating that the model’s behavior is not overly sensitive to specific data characteristics and a yearly update of the model might be sufficient to maintain strong performance.



In addition, to complement the quantitative evaluation metrics, we provide spatial visualizations of actual and predicted forest fire occurrences in Figure 18. The side-by-side maps illustrate the geographic distribution of ground-truth fire events alongside the locations identified by our prediction model. This spatial comparison highlights the model’s ability to accurately detect fires across diverse regions, reinforcing the robustness and practical applicability of the methodology. Such visual outputs are crucial for real-time wildfire management systems, enabling responders and decision-makers to quickly assess and act upon model predictions in specific geographic contexts.



Finally, Table 12 compares our model results with some of the recent work. Models developed using our proposed methodology outperform similar tree-based ensemble models and deep learning models in most cases. The computationally expensive Deep learning Neural Network (DNN) model trained on Canada-wide dataset [70] used up to 560 historical features (40 raw features for previous 14 days) to achieve accurate prediction.



Our proposed methodology was validated on three diverse datasets, each representing different geographic and ecological conditions. This comparative evaluation provides preliminary evidence of the ability to generalize the methodology for model building across regions. Furthermore, the feature engineering and model design are modular and adaptable, enabling the integration of seasonal variables and data from different resolutions, including near real-time satellite streams or image data, without significant re-engineering. Future work will involve retraining and testing the model using fine-resolution imagery and time-sensitive data from other countries to further validate cross-regional and cross-season applicability.





8. Summary and Key Takeaways


In this section, we summarize the key observations and findings based on the performance of our proposed approach, comparing it to the baseline methods. Additionally, we highlight the importance of computational efficiency in the context of forest fire detection, where both high accuracy and quick processing are critical for continuous best model selection and real-time detection.



8.1. Observations of Proposed Approach Compared to Baseline


Table 13 summarizes the results of applying our proposed approach on three datasets, namely, AFF, BCFF, and SFF, where the normalization, feature selection, oversampling techniques, and modeling strategies are optimized for each dataset. Our key findings highlight the importance of tailored preprocessing, efficient feature selection, and appropriate model choice in optimizing performance across different datasets.



Observation 1: We observed that the effectiveness of normalization techniques varied depending on the dataset. Min–Max normalization yielded the best results for the AFF dataset, while the BCFF dataset demonstrated flexibility with any normalization technique. In contrast, the SFF dataset did not require any normalization, emphasizing the need to select preprocessing methods based on the characteristics of the dataset. This approach ensures optimal data transformation and model performance.



Observation 2: By evaluating MBFI and RFE methods for feature selection, we significantly reduced the feature space without compromising model accuracy. In the AFF dataset, the feature count decreased from 9 to 8, while BCFF saw a reduction from 23 to 18, and SFF reduced from 26 to 8 features. This dimensionality reduction not only enhanced model interpretability but also improved computational efficiency, demonstrating the value of efficient feature selection in model optimization.



Observation 3: Our use of oversampling techniques, such as ADASYN for the AFF dataset and SMOTE for the BCFF dataset, resulted in notable performance improvements, particularly for addressing class imbalance. However, we found that no oversampling was needed for the SFF dataset, indicating that the effectiveness of these techniques is highly dataset-dependent.



Observation 4: The choice of model played a crucial role in maximizing performance. For the AFF dataset, we found that RF outperformed other models, while XGB provided the best results for BCFF, and GB was most effective for the SFF dataset. This underscores the necessity of model flexibility, as different models are better suited to specific dataset characteristics, particularly in the context of forest fire detection.




8.2. Baseline vs. Proposed Approach: Performance Comparison


In addition, we compare the best performing model from our proposed approach with the baseline model between three datasets in terms of several evaluation metrics. The results are illustrated in two graphs, specifically in Figure 19 and Figure 20.



Figure 19 visualizes key performance metrics, including accuracy, F1 score, precision, recall, and AUC for both the baseline model and the best performing model on the AFF, BCFF, and SFF datasets. From the graph, it is evident that our proposed approach consistently outperforms the baseline in all key metrics across all datasets. Specifically, the best model delivers significant improvements in F1-score and recall, essential for detecting true fire events, while also maintaining a high AUC, indicating robust model performance across various decision thresholds. For the AFF model, we observed that the precision increased from 91.45% to 94.07%, the F1 score improved from 69.12% to 82.75%, and the recall increased from 57.38% to 85.39%, with AUC increasing from 77.82% to 90.59%. The BCFF model showed an increase in precision from 89.69% to 91.79%, the F1 score from 61.95% to 77.91%, and recall from 50.41% to 86.88%, with the AUC increasing from 73.98% to 89.82%. The SFF model demonstrated the most significant improvements, with accuracy rising from 96.69% to 98.73%, F1-score from 90.03% to 96.18%, and recall from 90.07% to 95.92%, with AUC improving from 94.04% to 97.61%.



In terms of FPR and FNR, Figure 20 compares the baseline model and the best model identified by our proposed approach. For the AFF model, FPR increased from 1.73% in the baseline to 4.20% in the best model, while FNR decreased from 42.62% to 14.61%, showing a reduction in false negatives. The BCFF model showed a similar trend, with FPR rising from 2.45% to 7.23%, but FNR decreased from 49.59% to 13.12%. The SFF model showed a significant improvement, with FPR dropping from 1.99% in the baseline to 0.70% in the best model, and FNR decreasing from 9.93% to 4.08%.




8.3. Key Takeways


Key Takeaway 1: Our proposed approach consistently outperforms the baseline across all key metrics, namely, accuracy, F1-score, precision, recall, and AUC on all datasets. The significant improvements in F1-score and recall, crucial for detecting true fire events, demonstrate the model’s ability to maintain high performance while enhancing the reliability and effectiveness of fire detection across various datasets.



Key Takeaway 2: The significant reduction in FNR underscores the effectiveness of our proposed approach, enhancing model performance and ensuring more reliable and accurate fire event detection by minimizing false negatives.



Key Takeaway 3: Our approach achieves a 97.75% reduction in computational cost, enabling more frequent and efficient model training, evaluation, and real-time forest fire detection in resource-constrained devices. This substantial decrease in complexity ensures both scalability and responsiveness, making the system a viable solution for large-scale monitoring and early intervention.





9. Conclusions and Future Work


This research presents an optimized framework for ML-based forest fire model training and detection, balancing predictive accuracy with computational efficiency for real-time deployment in monitoring systems. Through a comprehensive evaluation of preprocessing, feature selection, and model strategies, we demonstrate that dataset-specific optimizations significantly enhance performance while reducing computational overhead. Our findings highlight the importance of tailored preprocessing techniques, with AFF performing best under Min–Max normalization, BCFF showing robustness across methods, and SFF requiring no normalization. The use of MBFI and RFE for feature selection reduced dimensionality while maintaining classification performance, improving both interpretability and efficiency.



The proposed approach significantly improved key performance metrics, notably F1-score, recall, and AUC, while maintaining high accuracy across all datasets. The F1-score saw considerable improvements, with AFF rising from 69.12% to 82.75%, BCFF from 61.95% to 77.91%, and SFF from 90.03% to 96.18%. Notably, the reduction in FPR and FNR across all three datasets highlights the effectiveness of our method. For example, FPR for AFF increased slightly from 1.73% to 4.20%, but FNR dropped drastically from 42.62% to 14.61%, showing a significant reduction in false negatives. Similarly, FNR for BCFF and SFF also showed major reductions, confirming the enhanced precision and reliability of our approach in detecting true fire events.



Additionally, adaptive oversampling techniques, such as ADASYN for AFF and SMOTE for BCFF, improved class balance and model performance, whereas SFF needed no oversampling. Dataset-dependent model selection led to optimal results, with RF for AFF, XGB for BCFF, and GB for SFF. Notably, our optimized evaluation strategy reduced computational cost by 97.75% ensuring real-time detection even on resource-constrained devices such as remote sensors and edge computing units.



The contributions of this study offer a scalable framework for large-scale forest fire monitoring. Future research could incorporate real-time adaptive learning mechanisms and integrate multi-modal data sources, such as satellite imagery and IoT-based sensors, as well as homogeneous datasets (the same set of features) for all provinces of Canada to improve early warning and detection capabilities. These advancements would strengthen global wildfire prevention and mitigation efforts, promoting more resilient disaster management systems.
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Abbreviations


The following abbreviations are used in this manuscript:





	AB
	Adaptive Boosting



	ADASYN
	Adaptive Synthetic Sampling



	AFF
	Alberta Forest Fire Dataset



	ANN
	Artificial Neural Network



	BAG
	Bagging



	BCFF
	British Columbia Forest Fire Dataset



	Borderline SMOTE
	Borderline Synthetic Minority Oversampling Technique



	DT
	Decision Tree



	FNR
	False Negative Rate



	FOP
	Fire Occurrence Prediction



	FPR
	False Positive Rate



	GB
	Gradient Boosting



	LST
	Land Surface Temperature



	MBFI
	Model-Built Feature Importance



	OPCNN
	Optimized Convolutional Neural Network



	RF
	Random Forest



	RFE
	Recursive Feature Elimination



	ROC-AUC
	Receiver Operating Characteristic—Area Under the Curve



	SFF
	Saskatchewan Forest Fire Dataset



	SMOTE
	Synthetic Minority Oversampling Technique



	SMOTE-ENN
	SMOTE with Edited Nearest Neighbor



	STAS
	SpatioTemporal Anomaly Sampling



	SVM
	Support Vector Machine



	SVM-SMOTE
	Support Vector Machine-based SMOTE



	XGB
	Extreme Gradient Boosting








Appendix A. Data Sources for Model-Ready Datasets


Table A1 lists the links to data sources used in the three model-ready datasets: Alberta Forest Fire (AFF), British Columbia Forest Fire (BCFF), and Saskatchewan Forest Fire (SFF).
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Given Name

	
Dataset Collected

	
Format

	
Data Source






	
Alberta Forest Fire Dataset




	
bound_src

	
Alberta Census Boundaries

	
Shapefile

	
https://open.alberta.ca/dataset/gda-4d939041-851b-4848-bd30-44dbf129e16c/resource/716de69f-5eb9-4ca6-9567-f2dd9f38ded9 (accessed on 23 July 2025)




	
met_src

	
Interpolated Historical Climate Data for Alberta Townships

	
CSV

	
https://acis.alberta.ca/acis/township-data-viewer.jsp (accessed on 23 July 2025)




	
met_src

	
Coordinates (lat/long) of Alberta townships

	
CSV

	
Provided by Ralph Wright, Alberta Agriculture




	
cmet_src

	
ERA5 hourly data on single levels (1940–present)

	
GRIB (Raster)

	
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels?tab=form (accessed on 23 July 2025)




	
ndvi_src

	
NDVI 2017 (Apr–Oct)

	
TIF

	
https://ftp.maps.canada.ca/pub/statcan_statcan/avhrr/AVHRR1KM_2017.zip (accessed on 23 July 2025)




	
topo_src

	
Topographic data for Alberta

	
TIF

	
https://earthexplorer.usgs.gov/ (accessed on 23 July 2025)




	
fire_src

	
Alberta wildfire database (2006–2021)

	
CSV

	
https://www.alberta.ca/wildfire-maps-and-data (accessed on 23 July 2025)




	
British Columbia Forest Fire Dataset




	
prov_bound

	
British Columbia Provincial Boundary

	
Shapefile

	
https://www12.statcan.gc.ca/census-recensement/2021/geo/sip-pis/boundary-limites/index2021-eng.cfm (accessed on 24 July 2025)




	
era5_src

	
ERA5-Land Reanalysis (1980–2020)

	
netCDF

	
https://cds.climate.copernicus.eu/api-how-to (accessed on 24 July 2025)




	
filh_src

	
Fire Incident Locations—Historical (1980–2020)

	
Shapefile

	
https://catalogue.data.gov.bc.ca/dataset/fire-incident-locations-historical




	
station_src

	
Weather Station Observations (1980–2020)

	
CSV

	
https://data.pacificclimate.org/portal/pcds/map/ (accessed on 24 July 2025)




	
novel_dataset

	
Combined gridded ERA5-Land + Ignition indicators

	
CSV

	
Constructed from ERA5-Land, FIL-H, and BC boundary data




	
soil_focus

	
Soil temperature & moisture as predictors

	
Feature subset

	
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land?tab=form (accessed on 24 July 2025)




	
Saskatchewan Forest Fire Dataset




	
bound_src

	
Boundary file for Saskatchewan

	
Shapefile

	
https://mapcruzin.com/free-canada-saskatchewan-arcgis-maps-shapefiles.htm (accessed on 25 July 2025)




	
cmet_src

	
ERA5 hourly data (1940–present)

	
netCDF

	
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels?tab=form (accessed on 25 July 2025)




	
water_src

	
Hydrography (Map Server)

	
Shapefile

	
https://gis.saskatchewan.ca/arcgis/rest/services/Hydrography/MapServer (accessed on 25 July 2025)




	
fire_src

	
National Forest Fire Database

	
CSV

	
https://cwfis.cfs.nrcan.gc.ca/datamart/download/nfdbpnt (accessed on 25 July 2025)
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Figure 1. System model depicting the use of multi-modal data sources for dynamic forest fire detection. 
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Figure 2. Map of the study areas/three regions (British Columbia, Alberta, Saskatchewan). 
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Figure 3. Overview of the three forest-fire datasets (* indicates number of features after preprocessing, features provided in these datasets also include day/month, location, and fire history). 
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Figure 4. Proposed methodology and framework. 
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Figure 5. Block diagram representing model training and deployment. 
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Figure 6. MBFI-based feature selection results for AFF dataset. 
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Figure 7. RFE-based feature selection results for AFF dataset. 






Figure 7. RFE-based feature selection results for AFF dataset.



[image: Fire 08 00341 g007]







[image: Fire 08 00341 g008] 





Figure 8. Feature importance plot for AFF Dataset. 
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Figure 9. Comparison of oversampling methods using AFF dataset. 
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Figure 10. MBFI-based feature selection results for BCFF dataset. 
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Figure 11. RFE-based feature selection results for BCFF dataset. 
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Figure 12. Feature importance plot for BCFF dataset. 
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Figure 13. Comparison of oversampling methods using BCFF dataset. 
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Figure 14. MBFI-based feature selection results for SFF dataset. 
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Figure 15. RFE-based feature selection results for SFF dataset. 
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Figure 16. Feature importance plot for SFF dataset. 
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Figure 17. Comparison of oversampling methods using SFF dataset. 
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Figure 18. Visualization of actual and predicted fire points. 
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Figure 19. Baseline and best model performance for three datasets (accuracy, F1-score, precision, recall, and AUC). 
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Figure 20. Baseline and best model performance for three datasets (FPR and FNR). 
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Table 1. Summary of recent studies in forest fire detection: contributions and research gaps.
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	Study
	Key Contributions
	Research Gaps





	Jain et al. [45]
	Comprehensive review of ML methods; identified RF and ANN as common classifiers
	Limited focus on Canadian forests; lack of advanced classifiers like XGBoost



	Kaur et al. [24]
	Long-term Alberta dataset; used Near-Miss3 to handle imbalance; feature ablation study
	No automated feature selection; limited to regional data



	Mutakabbir et al. [51]
	Nationwide Canadian dataset; introduced STAS imbalance technique; deep learning models
	Limited feature diversity; model robustness needs improvement



	Purcell et al. [25]
	Federated learning framework with IoT data; multi-source data integration
	Early stage of federated approaches; scalability challenges remain



	Tavakoli et al. [26]
	Hybrid class balancing (SMOTE + Near-Miss3); validated on BCFF dataset
	Need for automated feature selection; limited geographical scope



	Parvar et al. [46]
	Fire risk mapping using temporal environmental data; high-risk zone identification
	Focus on regional risk mapping; limited model generalizability



	Jayasingh et al. [47]
	CNN-based fire detection with high accuracy on image dataset
	Small dataset; lacks integration with multi-modal data



	Xu et al. [56]
	Satellite smoke detection; fused smoke and radiation data
	Low accuracy; spatial positioning improvements needed



	Ozcan et al. [57]
	Multi-factor fire risk mapping in Turkey; continuous risk assessment
	Regional scope; lacks standardized datasets










 





Table 2. Detailed feature descriptions for forest fire dataset of Alberta.
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	No.
	Feature
	Description





	1
	Grid id
	A unique identifier representing the specific geographical grid location being analyzed.



	2
	Month
	The month when the ignition occurred, crucial for identifying seasonal patterns in forest fire occurrences.



	3
	Ws
	The average wind speed at a height of 10 m, influencing the spread and intensity of fires.



	4
	T
	The ambient temperature at a height of 2 m, which directly affects fuel dryness and fire ignition potential.



	5
	NDVI
	The Normalized Difference Vegetation Index, an indicator of vegetation health and density, used to estimate fuel availability.



	6
	Slope
	The gradient or steepness of the terrain, as steeper slopes can affect fire behavior and spread rate.



	7
	Elev
	The elevation above sea level, influencing climate conditions such as temperature and humidity.



	8
	Asp
	The aspect or direction that the slope faces, which affects sunlight exposure and vegetation type.



	9
	Firehist
	A binary indicator (0 or 1) showing whether there has been a previous fire in the grid, useful for understanding historical fire patterns.



	10
	Ignition
	The occurrence of fire ignition, serving as the target variable in predictive modeling.










 





Table 3. Detailed feature descriptions for forest fire dataset of British Columbia.
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	No.
	Feature
	Description





	1
	lon
	Upper left hand corner longitude of a cell



	2
	lat
	Upper left hand corner latitude of a cell



	3
	u10
	Eastward component of wind at 10 m above the Earth’s surface



	4
	v10
	Northward component of wind at 10 m above the Earth’s surface



	5
	d2m
	The dewpoint temperature at 2 m above the Earth’s surface. It is a measure of humidity



	6
	t2m
	Air temperature at 2 m above the Earth’s surface



	7
	e
	The amount of water that has evaporated from the Earth’s surface



	8
	cvh
	One-half of the total green leaf area per unit horizontal ground surface area for high vegetation



	9
	cvl
	One-half of the total green leaf area per unit horizontal ground surface area for low vegetation



	10
	slt
	The soil type based on texture. 1: Coarse, 2: Medium, 3: Medium fine, 4: Fine, 5: Very fine, 6: Organic, 7: Tropical organic. Zero is a non-land point



	11
	skt
	Skin temperature is the temperature at the Earth’s surface



	12
	stl1
	Temperature of the soil in layer 1 (0–7 cm) of the ECMWF Integrated Forecasting System



	13
	stl2
	Temperature of the soil in layer 2 (7–28 cm) of the ECMWF Integrated Forecasting System



	14
	stl3
	Temperature of the soil in layer 3 (28–100 cm) of the ECMWF Integrated Forecasting System



	15
	stl4
	Temperature of the soil in layer 1 (100–289 cm) of the ECMWF Integrated Forecasting System



	16
	sp
	Surface pressure (force per unit area) is the atmospheric pressure at the Earth’s surface



	17
	tp
	Total precipitation



	18
	swvl1
	Volume of water in soil layer 1 (0–7 cm) of the ECMWF Integrated Forecasting System



	19
	swvl2
	Volume of water in soil layer 1 (7–28 cm) of the ECMWF Integrated Forecasting System



	20
	swvl3
	Volume of water in soil layer 1 (28–100 cm) of the ECMWF Integrated Forecasting System



	21
	swvl4
	Volume of water in soil layer 1 (100–289 cm) of the ECMWF Integrated Forecasting System



	22
	ignition
	1 if ignition occurred in the cell on the day



	23
	doy
	The day of the year for the given year



	24
	firehist
	A binary indicator (0 or 1) showing whether there has been a previous fire in the grid.










 





Table 4. Detailed feature descriptions for the forest fire dataset of Saskatchewan.
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	No.
	Feature
	Description





	1
	lon
	Upper left-hand corner longitude of a cell.



	2
	lat
	Upper left-hand corner latitude of a cell.



	3
	u10
	Eastward component of wind at 10 m above the Earth’s surface.



	4
	v10
	Northward component of wind at 10 m above the Earth’s surface.



	5
	d2m
	The dewpoint temperature at 2 m above the Earth’s surface, a measure of humidity.



	6
	t2m
	Air temperature at 2 m above the Earth’s surface.



	7
	lai hv
	One-half of the total green leaf area per unit horizontal ground surface area for high vegetation.



	8
	lai lv
	One-half of the total green leaf area per unit horizontal ground surface area for low vegetation.



	9
	ro
	The skin reservoir content is the amount of water in the vegetation canopy and/or in a thin layer on the soil.



	10
	skt
	Skin temperature is the temperature at the Earth’s surface.



	11
	stl1
	Temperature of the soil in layer 1 (0–7 cm) of the ECMWF Integrated Forecasting System.



	12
	stl2
	Temperature of the soil in layer 2 (7–28 cm) of the ECMWF Integrated Forecasting System.



	13
	stl3
	Temperature of the soil in layer 3 (28–100 cm) of the ECMWF Integrated Forecasting System.



	14
	stl4
	Temperature of the soil in layer 4 (100–289 cm) of the ECMWF Integrated Forecasting System.



	15
	ssr
	Surface net solar radiation.



	16
	str
	Surface net thermal radiation.



	17
	sp
	Surface pressure (force per unit area) is the atmospheric pressure at the Earth’s surface.



	18
	e
	The amount of water evaporation from bare soil.



	19
	tp
	Total precipitation.



	20
	swvl1
	Volume of water in soil layer 1 (0–7 cm) of the ECMWF Integrated Forecasting System.



	21
	swvl2
	Volume of water in soil layer 2 (7–28 cm) of the ECMWF Integrated Forecasting System.



	22
	swvl3
	Volume of water in soil layer 3 (28–100 cm) of the ECMWF Integrated Forecasting System.



	23
	swvl4
	Volume of water in soil layer 4 (100–289 cm) of the ECMWF Integrated Forecasting System.



	24
	d
	The day of the year for the given year.



	25
	firehist
	A binary indicator (0 or 1) showing whether there has been a previous fire in the grid.



	26
	fire
	1 if any ignition occurred in the cell on the day, otherwise 0.










 





Table 5. Cross-validation results of six classifiers using AFF dataset. (Bold indicates the best-performing values for each metric).
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	Algorithm
	Accuracy
	F1-Score
	Precision
	Recall
	AUC
	FPR
	FNR





	DT
	0.9087
	0.7245
	0.7287
	0.7213
	0.8337
	0.0539
	0.2787



	RF
	0.9382
	0.8023
	0.8606
	0.7522
	0.8638
	0.0246
	0.2478



	GB
	0.8846
	0.5646
	0.7582
	0.4520
	0.7115
	0.0289
	0.5480



	XGB
	0.9335
	0.7849
	0.8522
	0.7292
	0.8518
	0.0256
	0.2708



	BAG
	0.9234
	0.7457
	0.8338
	0.6755
	0.8242
	0.0271
	0.3245



	AB
	0.8670
	0.5256
	0.6484
	0.4441
	0.6979
	0.0484
	0.5559










 





Table 6. Ablation study results using AFF dataset. (Bold indicates the best-performing values for each metric).
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	Ablation
	Accuracy
	F1-Score
	Precision
	Recall
	AUC
	FPR
	FNR





	None
	0.9407
	0.8275
	0.8034
	0.8539
	0.9059
	0.0420
	0.1461



	Normalization
	0.9366
	0.8140
	0.7966
	0.8331
	0.8952
	0.0427
	0.1669



	Feature Selection
	0.9404
	0.8267
	0.8033
	0.8524
	0.9052
	0.0420
	0.1476



	Feature Engineering
	0.9214
	0.7551
	0.786
	0.7271
	0.8437
	0.0397
	0.2729



	Oversampling
	0.9356
	0.7993
	0.8322
	0.7694
	0.8691
	0.0311
	0.2306










 





Table 7. Cross-validation results of six classifiers for BCFF dataset. (Bold indicates the best-performing values for each metric).
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	Algorithm
	Accuracy
	F1-Score
	Precision
	Recall
	AUC
	FPR
	FNR





	DT
	0.9077
	0.7220
	0.7264
	0.7185
	0.8320
	0.0545
	0.2815



	RF
	0.9278
	0.7750
	0.8066
	0.7459
	0.8551
	0.0358
	0.2541



	GB
	0.9277
	0.7670
	0.8280
	0.7146
	0.8424
	0.0297
	0.2854



	XGB
	0.9259
	0.7752
	0.7854
	0.7656
	0.8618
	0.0420
	0.2344



	BAG
	0.9247
	0.7608
	0.8084
	0.7190
	0.8424
	0.0342
	0.2810



	AB
	0.9211
	0.7519
	0.7901
	0.7176
	0.8397
	0.0383
	0.2824










 





Table 8. Ablation study results for BCFF dataset. (Bold indicates the best-performing values for each metric).
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	Ablation
	Accuracy
	F1-Score
	Precision
	Recall
	AUC
	FPR
	FNR





	None
	0.9179
	0.7791
	0.7065
	0.8688
	0.8982
	0.0723
	0.1312



	Normalization
	0.9179
	0.7791
	0.7065
	0.8688
	0.8982
	0.0723
	0.1312



	Feature Selection
	0.9176
	0.7727
	0.7158
	0.8401
	0.8866
	0.0668
	0.1599



	Feature Engineering
	0.8791
	0.6283
	0.6449
	0.6131
	0.7727
	0.0677
	0.3869



	Oversampling
	0.9295
	0.7842
	0.8015
	0.7682
	0.8650
	0.0383
	0.2318










 





Table 9. Cross-validation results of six classifiers for SFF dataset. (Bold indicates the best-performing values for each metric).
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	Algorithm
	Accuracy
	F1-Score
	Precision
	Recall
	AUC
	FPR
	FNR





	DT
	0.9771
	0.9296
	0.9474
	0.9152
	0.9523
	0.0105
	0.0848



	RF
	0.9854
	0.9547
	0.9716
	0.9418
	0.9680
	0.0058
	0.0582



	GB
	0.9868
	0.9601
	0.9661
	0.9562
	0.9746
	0.0070
	0.0438



	XGB
	0.9839
	0.9504
	0.9655
	0.9389
	0.9659
	0.0070
	0.0611



	BAG
	0.9849
	0.9541
	0.9624
	0.9475
	0.9699
	0.0076
	0.0525



	AB
	0.9834
	0.9498
	0.9583
	0.9445
	0.9679
	0.0088
	0.0555










 





Table 10. Ablation study results for SFF dataset. (Bold indicates the best-performing values for each metric).
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	Ablation
	Accuracy
	F1-Score
	Precision
	Recall
	AUC
	FPR
	FNR





	None
	0.9873
	0.9618
	0.9665
	0.9592
	0.9761
	0.0070
	0.0408



	Normalization
	0.9854
	0.9563
	0.9524
	0.9622
	0.9761
	0.0099
	0.0378



	Feature Selection
	0.9834
	0.9501
	0.9519
	0.9505
	0.9703
	0.0099
	0.0495



	Feature Engineering
	0.9478
	0.8572
	0.7969
	0.9329
	0.9419
	0.0491
	0.0671



	Oversampling
	0.9873
	0.9618
	0.9665
	0.9592
	0.9761
	0.0070
	0.0408










 





Table 11. Standard deviations across 10 folds for different models.






Table 11. Standard deviations across 10 folds for different models.





	Model
	Accuracy
	F1-Score
	Precision
	Recall
	AUC
	FPR
	FNR





	AFF Best Config
	0.0117
	0.0338
	0.0347
	0.0380
	0.0216
	0.0082
	0.0380



	BCFF Best Config
	0.0068
	0.0172
	0.0202
	0.0250
	0.0126
	0.0071
	0.0250



	SFF Best Config
	0.0119
	0.0350
	0.0391
	0.0361
	0.0211
	0.0080
	0.0361










 





Table 12. Comparison of methodologies and performance across different regions. (Bold indicates the best-performing values for each metric).






Table 12. Comparison of methodologies and performance across different regions. (Bold indicates the best-performing values for each metric).





	Methodology
	Study Region
	Imbalance Ratio
	Features
	Accuracy
	F1-Score
	Recall
	ROC-AUC





	XGB [24]
	AB, Canada
	20:1
	14
	NA
	NA
	0.7500
	0.8720



	LSTM [60]
	BC, Canada
	110:1
	NA
	0.7600
	NA
	NA
	0.8000



	XGB [26]
	SK, Canada
	9:1
	27
	0.9806
	NA
	0.8606
	NA



	DNN [70]
	Canada
	1:1
	600
	NA
	0.9550
	NA
	NA



	RF (proposed)
	AB, Canada
	1:1
	8
	0.9407
	0.8275
	0.8539
	0.9059



	XGB (proposed)
	BC, Canada
	1:1
	18
	0.9179
	0.7791
	0.8688
	0.8982



	GB (proposed)
	SK, Canada
	1:1
	8
	0.9868
	0.9601
	0.9562
	0.9746










 





Table 13. Observations of proposed approach based on three datasets (AFF, BCFF, SFF).






Table 13. Observations of proposed approach based on three datasets (AFF, BCFF, SFF).





	Dataset
	Normalization
	Feature Selection
	Total Features
	Promising Features
	Oversampling Method
	Modeling





	AFF
	Min–Max
	Both
	9
	8
	AdaSYN
	RF



	BCFF
	Any
	MBFI-RF
	23
	18
	SMOTE
	XGB



	SFF
	None
	MBFI-RF
	26
	8
	None
	GB
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