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Project Overview

Models

Minimizing response delay has become even more crucial for improved wildfire mitigation.

Deep learning and computer vision + Granular satellite imagery with multiple channels can help in rapid detection
and response.

We use the Sentinel-2 satellite with better temporal (every 5 days) and spatial resolution (10m to 30m) than the
frequently used Landsat from literature.
US Geological Survey (USGS) tracks location, perimeter polygon and date of all historical wildfires.

Using historical wildfire + non-wildfire data, we train deep learning models on satellite imagery on the following
relevant channels:

the true color,

the Normalized Difference Vegetation Index (NDVI),

Burned Area Index (BAI),

and the Normalized Burn Ratio (NBR-RAW) layers as channels for data points

True Color [ ) NBR_RAW

We use a simple CNN models in three ways:

conv2d_1_input: InputLayer

Model 1: CNN + 3 channel data: RGB

conv2d_1: Conv2D

Model 2: CNN + 8 channel data: RGB + NDVI + BAl + NBR_RAW

max_pooling2d_1: MaxPooling2D

Model 3: CNN + Regularization (dropout) + 8 channel data (RGB + NDVI
+ BAl + NBR_RAW)

conv2d_2: Conv2D

Our loss function was a binary cross-entropy loss:

max_pooling2d_2: MaxPooling2D

> (ulog(@) + (1 = y)(og(1 — 9)))

flatten_ 1: Flatten

We also use a transfer learning model: ResNet-50 with pretrained weights
+ retraining last 2 layers dense_1: Dense

Data

Historical wildfire perimeter data is from US Geological Survey database known Wildland Fire Support Geospatial
Multi-Agency Coordination (GeoMAC). The database contains location, perimeter polygons and date of all wildfires in
the United States and is stored as 30m x 30m raster level (.shp) shapefiles.

We focused on wildfire perimeter data from 2016 to 2019, resulting in 20946 historical wildfire incidents. We used
5000 of these incidents to generate our 11000- image data set.

We used the Sentinel-2 satellite as the source of these satellite images, leveraging on a Web Map Service (WMS)
provided by Sentinel-Hub [15]. The WMS also allows us to query and obtain other satellite extracted images/features
for those wildfire location-date pairs that correspond to information on Vegetation, Normalized Burn Index and Burned
Area Index, and Moisture content.

For each of the historical wildfire data points, we used the perimeter polygon and date properties to define bounding
boxes that are then used to generate corresponding satellite imagery for that wildfire at that location.

We make sure to standardize the zoom/resolution level for each historical wildfire perimeter polygon and date pair to a
0.5 km radius from the perimeter polygon’s inner centroid, retrieving an array of layers (channels) corresponding to a
256 x 256 image for that data point.

As our problem is a classification problem, we also obtain data for the non-wildfire class in two ways. First, we extract
images for the same wildfire location but 150 days prior (to a date for which we assume there was no wildfire).
Secondly, to avoid over-fitting to the same locations, we also add additional satellite image tiles of random, non-fire
locations in the United States at random dates, to complete our non-fire dataset and serve as 10% of the whole data.
For the 3 channel RGB-only model, we also augment 10% of the images with horizontal flipping and right rotations.

dense_2: Dense

Our Basic CNN model
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ResNet-50

Results

Discussion

Simple CNN + More (8) channels works best (low bias)

Very deep models like Resnet-50 can lead to overfitting on the data:
ResNet50 Model loss

— Train
| Test *
v Training Validation Test
08 - Accuracy 82.61% 63.49% 64.09%
%1 Precision Recall F1 Support
06 | 0.0 0.79 0.47 0.59 601
1.0 0.57 0.85 0.68 499

05 1 \ weighted avg  0.69 0.64 0.63 1100
0.4 1

0 2 4 6 8

Epoch Performance with ResNet-50

10 epochs too small for convergence without regularization = Adding dropout regularization for variance also led to
significant test accuracy improvements under 10 epochs.

Our best model (95.09% accuracy) beat:
i. state of the art with Landsat (~87%)
ii. Human level accuracy on labelled true color satellite imagery (~85%).

Future Work

- Our best model was the CNN with dropout layers and 8 channel data (Model 3)
- We exhibit very low variance, and some bias
- We estimated Bayes Optimal Error with non-expert human labeling to be ~15%. We believe that we were able to beat

this accuracy by synthesizing multiple channels of data, which is not comprehensible to the human eye. Expert human
labels may have also yielded a smaller Bayes Optimal Error.

Figure 1: Sample 256 x 256 RGB Satellite Image showing Wildfire
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As expected, adding additional channels of data significantly improved our results, increasing test accuracy by 8
percentage points. We believe that this is because significant information is contained in these supplemental satellite
images.

Dropout Layers also significantly improved out results, increasing test accuracy by 17 percentage points. Although
dropout is a regularization technique and thus is primarily intended to reduce variance, this drastic reduction in our
model bias as well was an interesting and welcome result. Our interpretation of this is that since we were only able to
train for limited - 10 - epochs in either case, i.e. with and without dropout, our training without dropout was not near
convergence. This non-dropout training accuracy may have been higher than the 95.84% obtained with dropout if we
had sufficient computational resources to train for longer epochs. However, the dropout may have made sped up
training such that the accuracy obtained after only 10 epochs may be the near-converged training accuracy with
dropout

The ineffective use of transfer learning with the application of ResNet-50 we attribute to overfitting, since we see a
large widening of the variance as well as a drop in performance overall with this method.
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