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OBJECTIVE:
Create a practical machine learning model to determine the cause of a 

wildfire based on information provided about the fire.
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Machine learning can be used to identify the causes of wildfires from one of eleven 

causes. While the accuracy isn’t perfect, it could be a good start in many fire 

investigations. For this data KNN classifiers are most accurate using between ten 

and 100 neighbors. Using multiple classifiers together does not necessarily lead to 

an increased overall accuracy but in the majority of specific cases it does lead to an 

increased accuracy.

Conclusion

Figure 5. Comparison of different machine learning classifiers available in the sci-kit learn python library. This data show that the 

most accurate is the K Nearest Neighbors classifier. This visualization is based on one provided in the sci-kit learn 

documentation.

• The dataset will be processed into a CSV with the following 

data points:

• The start day of year of the fire

• The end day of year of the fire (when the fire is 

controlled)

• The size in acres of the fire

• The latitude of the fire

• The longitude of the fire

• The owner of the property where the fire occurred

• The reporting agency of the fire

• The year the fire occurred

• Different models will be created using combinations of the 

above variables and the K Nearest Neighbors classifier.

• Each model will tested using every number of neighbors 

between 1 and 500 (inclusive) to determine the most

accurate range of K.

• 60 of the most accurate models from each set will be 

selected and tested together, using whatever result the 

majority of the models return as the final result to be 

checked.

Methodology

Figure 1. Above are the total occurrences of each specific cause of fire from the 

fires database. All fires labelled “Unknown” or “Miscellaneous” have been 

removed for the purpose of this project. Note that although fires are a natural 

process in ecosystems, the majority of fires are caused by humans, and these 

fires are not part of the natural process of the ecosystem.

Figure 2. This graph shows the total number of fires per day of year from the 

database. The day of the year is defined as the number of days from January 

1st. Seasonal trends can be seen, but are not statistically apparent. It appears 

that during the summer months fire occurrences are higher. A line of best fit is 

shown, a fourth order polynomial was chosen because there are four seasons, 

and therefore three places where the season changes on the graph.

Figure 3. State, County, and Local agencies reported the vast majority of fires, 

followed by the Forest Service, Bureau of Indian Affairs, Bureau of Land 

Management, National Parks Service, Fish and Wildlife Service, Tribal 

agencies, Information Agency, Bureau of Reclamation, and Department of 

Defense.

Figure 4. Each year saw well over 40,000 wildland fires. The number of fires 

per year fluctuates somewhat, but there is no overall trend. A spike is present in 

2006 that can be attributed to a large number of California wildfires during that 

year. 

Figure 7. Four machine learning models were made using different data from

the fires database. The most accurate model is the model which uses the start

day of year, end day of year, size, location, owner of property, reporting agency, 

and year. For all of the models the highest accuracy was found by using 

between 10 and 100 neighbors. After this the accuracy decreased steadily as 

the number of neighbors increased. 

Figure 6 (right). These images are screenshots of the user interface created for the machine 

learning models. Data about a fire can be input, and then the data will be run through 60 

machine learning models and the cause which the majority of the models chose is displayed 

to the user. The data input by the user is passed through a php script, and then to a python 

script which accesses save files of each model one at a time for memory conservation. The 

result is then returned to the user. This service is available at http://firelearn.tk. I plan to 

improve the service by showing the user an estimated accuracy based on the data in Figure 8.

Figure 8. The sixty most accurate of the models based on number of neighbors 

were used together. Whatever prediction most of the models came up with was 

chosen as the final cause. The number of models which chose the final

prediction versus the accuracy is shown. When all 60 models had the same 

prediction, there highest accuracy is present, at around 65%. The overall 

accuracy from any number is 55.7% for the most accurate model. Standard 

error bars are shown and are greatest in the lower number of models which 

selected the same cause.

Figure 9. From the multiple model tests (see figure 8 for more details) the

frequencies of a certain number of models returning the same prediction was

shown. It is clear that in the vast majority of cases all 60 models had the same 

prediction. It can also be seen that as the models get more accurate, more of

the models return the same prediction. This shows that in most cases the most 

accurate model will be around 65% accurate.


