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Executive Summary

The AIDERS project primarily aims at developing application-specific data analytics algorithms to
harness the large volume of measurements that first responders are now able to collect through
heterogeneous sensors (including visual, thermal and multispectral cameras, etc.). This deliverable
details promising algorithms for data analysis (including feature extraction, classification, and
prediction) that can be executed in real-time to enable relevant, reliable, timely, and simple
information extraction and representation. The importance of data fusion algorithms, for information
received by the heterogeneous input sources, is also emphasized especially for the modelling and
prediction of the spread of the disasters and their impact.



1 Introduction

The increasing availability of ample sensory measurements, especially on board unmanned aerial
vehicles (UAVs/drones) coupled with the increasing processing power of embedded and mobile devices
has made advanced real-time decision-support systems feasible and very practical. In this deliverable
we detail algorithms that process and extract important features that are directly or indirectly (through
data fusion at a later stage) relevant to the information highlighted by first responders across Europe.

Hence we have split this deliverable to the following sections. Section 2 serves as a reference to the
information required by first responders, while Section 3 provides an extensive review of the algorithms
proposed to extract the relevant information and match the first responder needs. Finally, Section 4
concludes this deliverable and Section 5 provides a list of references.

Table 1 Short summary of the required information



3 Al algorithms for data processing

In this section we depict the 3 categories of algorithms for processing the available data and then
elaborate on the algorithms within each category that will be used to extract the necessary
information.

3.1. Image enhancement

emphasize on accentuating certain image features, for subsequent analysis while reducing the
enhancement of noise. There are different ways that these techniques can achieve the above goal such
as enhancing the contrast among adjacent regions or features, removing noise, simplifying the image
via selective smoothing or elimination of features etc. These techniques can be grouped into 3 different
methods of enhancement: Contrast manipulation, Spatial feature manipulation, and Multi-image
manipulation.

3.1.1. Contrast manipulation

The Contrast manipulation enhancement techniques contribute to the elimination of the inadequacies
in the image contrast (too dark, too bright, too little difference between the brightness of features in the
image etc.). To achieve the above goal, these techniques attempt to optimize the distribution of pixel
values, over the radiometric range and so the DN expanding beyond their natural range to fill all the
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values between 0 and 255 (8-bit image). This procedure can be done in a (i) linear way, (ii) by piecewise
linear stretching or, (iii) by the histogram equalization (non-linear stretch). Figure 1 visualizes the
histogram expansion in each case. The algorithms for the above techniques are also attached.
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Figure 1: On the left image, is presented how the linear stretch method is working. In this case, min=84;max=153 while these
values are becoming 0 and 255 respectively after the stretching. On the right, the piecewise stretching method is presenting
where L is the number of available brightness values; N is the total number of pixels and C is the cumulative histogram.

Find below (Figure 2) an example where the linear stretch has been applied on a multispectral image.
The result of this algorithm implementation on the multispectral image proved that these algorithms can
be used to refine the given image, so that desired image features become much easier to perceive for

the human visual system.
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Figure 2: SNAP screenshot showing pre-and-post images with histogram stretching. The upper right image shows the linear
stretched image. Displaying the upper left image would give a dark appearance without the desired contrast which has been
achieved by the stretching.



3.1.2. Spatial feature manipulation

In the 2" group of the enhancement methods belong the image filtering techniques such as Spatial
filtering; Convolution filtering; Edge enhancement; Directional first differencing, etc. In all these cases
the “spatial frequency” of an image is changing by modifying the pixel values.

Filtering an image is a neighborhood operation procedure. In the output (filtered image) the value
of any pixel is determined by applying specific algorithms to the nearest pixels (neighborhood) of the
corresponding pixel of the input image. High pass filters (directional or edge detection) increase the
spatial frequency and they do enhance the “edges” between non-homogeneous groups of image pixels.
The purpose of edge enhancement is to highlight fine detail in an image or to restore, at least partially,
details that have been blurred. Some different edge detection (sharpen) filters have been applied on
the stretched image in Figure 2 and the results are presenting in Figure 3 and
Figure 4. A combination of two (or more) filters can be applied on the same image, for example, Figure
6b and Figure 6d images have resulted from the implementation of the Sobel North East filter (

Figure 5a) and the Morphological Filter - Erosion 3x3 and Erosion 7x7 respectively. The standard
deviation 3x3 filter has been also applied to the input image and the result is presenting in Figure 7. In
this case, the value of each output pixel is the standard deviation of the 3x3 neighborhood around the
corresponding input pixel.

On the other hand, Low pass filters smooth the appearance of the image (smoothing filters). They are
used for blurring (blurring is a pre-processing step for small details removal) and noise reduction in the
image. An mxn linear spatial filter requires an mxn mask of coefficients. The coefficients are selected
based on the type of the filter each time. Moreover, the size of the mask (m,n) also significantly affects
the result.

Convolution is a linear filter algorithm (Figure 9) and is also a neighborhood operation. Each pixel
of the output image is the weighted sum of surrounding (neighboring) input pixels. In the image
convolving procedure, a kernel is needed. The kernel is the matrix of the weighted factors which slides
across the image and is multiplied with the input pixels values. The result of this procedure is the
enhancement of the input image, in a certain desirable way.

a. b.
Figure 3: a. Horizontal Edges, b. right diagonal Edges, c. left diagonal Edges



a. b.

a. b.

Figure 6: a. Morphological Filter - Erosion 3x3, b. Morphological Filter Erosion 7x7, c. Sobel North-East + Morphological
Filter - Erosion 3x3, d. Sobel North-East + Morphological Filter Erosion 7x7



Kernel

Input Data

Figure 8: Kernel is a mask used to apply filters to images. In this case, a 3x3 high pass kernel is applying to the input image
and the result is presenting on the right image (Ludwig_ImageConvolution).

where :
i f,-j = the kernel coefficient at column i,row j
z‘ ;fifdﬁ dl.j = the pixel value at column i, row j
V= F g = the dimension of the kernel (i.e., 3X3)

F = the sum of the kernel coefficients (if 0, then 1)

V = the output pixel value

Figure 9: This formula gives to any pixel of the new image the new values based on the kernel coefficients.

3.1.3. Multi-image manipulation

The 3" group of image enhancement methods refers to the different mathematical techniques which
can be used to create, expand, transform, analyze or compress multiple bands of image and develop
green vegetative index images (e.g., the NDVI). Some of these techniques are (i) the principal
component analysis (PCA), (ii) the Tasseled cap, and (iii) the Indices.

i. PCA and Tasseled cap
Both PCA and Tasseled cap are useful when the input data is multiband imagery so these algorithms
help to the simplification of the data. Principal component analysis transforms a multi-band image
into a series of uncorrelated images (“components”) that represent most of the information present in



the original dataset. Tasseled cap transformation transforms a multi-band image into a series of
images optimized for vegetation studies using coefficients specific to a particular sensor.

ii. Indices

Indices are algorithms that create new images by mathematically combining the pixel values from
multiple image bands. Common uses of indices are the reduction of radiometric differences, the
minimization of the shadow effects, vegetation analysis, etc. Vegetation indices are generally based on
the characteristic of healthy vegetation which is the low reflection of the plant in the visible spectrum
and the high reflectivity in the infrared.

= Normalized Difference Vegetation Index (NDVI)

NDVI is resulted by the ratio of the Red visible band and the near infrared band (Figure 10) and is widely
used as a measure of both the presence and the health of vegetation. The NDVI values range from -1
to +1 and is positive when NIR > R. Larger NDVI values result from larger differences between the NIR
and Red bands. NDVI is based upon findings that the chlorophyll in plant leaves strongly absorbs red
visible light (from 0.6 to 0.7 um), while the cell structure of the leaves strongly reflects near-infrared light
(from 0.7 to 1.1 ym). Combining that with the fact that the healthier the plant, the higher the percentage
of chlorophyll is contained in the plant, the high value of this index in vegetation studies, is becoming
fully understood (Figure 11). In Figure 12, the NDVI algorithm has been applied to the same input image.
In this case, the NDVI resulted after the embodiment of the NDVI algorithm in a py script. The health of
the vegetation in this case can be observed by the intensity of the green color. The greener the color of
the vegetation (NDVI values +0,75 to +1) the healthier and denser the vegetation.

NIR,-R,
NDVI, =—*>2—L
NIR,+R,
Figure 10: This relation gives the NDVI where NIR is the near-infrared response of pixel p; R is the visible red response of
pixel p.

-1 -0 0-0.33 0.33 -0.66 0.66 - 1

Dead Plants or Unhealthy Moderatly Very Healthy
Inanimate Object Plant Healthy Plant Plant

Figure 11: The NDVI values range from -1 to +1. The above image explains the relation between the NDVI values and the
health of the plants (eos.com platform).



Figure 12: On the left is displayed the input multispectral image while on the right is presenting the NDVI image resulting after
the implementation of the NDVI algorithm on the left image. The greener the trees on the NDVI image, the healthier they are.

= Burn Area Index (BAI)

The BAl index is computed by the relation between RED and the NIR band (BAI= 1/(0.1-RED)*2+(0.06-
NIR)*2) and it highlights burned land in between this spectral range. The index is computed from the
spectral distance from each pixel to a reference spectral point, where recently burned areas converge.
The presence of white (brighter) pixels in the output, indicates burned areas. Find in Figure 13 an
example of applying the BAIl index on a Landsat8 image.

Figure 13: BAl index has been applied on a Landsat 8 image cptured after a conflagration. The brighter pixels on this BAI
image indicate burned areas.

= Global Environment Monitoring Index
GEMI is a non-linear vegetation index like the NDVI but it is more sensitive to atmospheric effects. It is
also calculated using the Red and NIR bands.
GEMI= (n(1-0.25n)-((RED-0.125)/(1-RED)) Where n = (2 * (NIR "2 - RED "2) + 1.5 * NIR + 0.5 *RED ) /
(NIR + RED + 0.5 ).

3.1.4. False color composite

An image can be visually displayed either by one band at a time (grayscale image) or by a combination
of three bands (red, green, blue). By associating each band (not necessarily a visible band) to one of
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the three colors, a color composite image is produced. This can be a true-color image or a false-color
image. The false-color image results from the combination of the 3 colors with not the three visual
primary color bands, so the result is not what would be observed by the human eyes. There are many
possible schemes of producing false-color composite images and some of them are very useful for
detecting certain objects in the images (e.g trees). One of the most common false-color composition is
Red color ->NIR band, Green color -> Red Band, Blue color -> green band. This composition allows
vegetation to be detected readily in the image since the vegetation, in this case, appears in different
shades of red (chlorophyll cause high reflection in the NIR band) depending on the condition (health,
density) of the vegetation each time. In Figure 14, the middle image shows the result from the application
of this band combination on the input image on the left. The third image resulted after the
implementation of theFigure 1 linear stretch on the middle image. This specific false-color composition
is very useful for a better understanding of the stress, the density, and the presence of the vegetation.

Figure 14: On the left is the rgb image, in the middle is the result when the 4-3-2 band combination (when the 4rth band is
the NIR) applied on the left image. The right image has been resulted after the linear stretch has been applied on the middle
image.

3.2. Photogrammetric processing

The input image for all the above algorithm implementations is a part of a large dataset that has been
selected aerial by a UAV platform. Specifically, 337 images were captured by a multispectral camera
which was mounted on a UAV platform. The camera that was used, measures electromagnetic
radiation in the blue, green, red, red edge, near infrared (NIR) and thermal infrared 8-14um bands. A
sample of the captured images is presenting in Figure 15 where the first row (IMG001_1:IMG002_6)
refers to the 6 bands of the 15! image (image ID number=1) of the whole dataset. A procedure has
been followed in order to stack the bands of each image together.

Figure 16 is presenting the result of the band stacking procedure where the 6 bands of the IMG_001 are
stacked together and so, a multispectral image has been created. The appropriate flight planning
parameters such as the overlap of the images, the altitude of the flight and the area boundaries were
set, and the imagery was then collected. A series of algorithms run on this dataset in order to resolve
the following tasks of detecting, selecting and matching points on the input dataset, estimating camera
locations, generating depth maps, parameterizing texture atlas, blending textures, orthorectifying the
images (Figure 17). The useful products that resulted from this procedure is an orthophoto and a 3D
model. The orthophoto (Figure 18) is a photograph that has been digitally manipulated and has therefore
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metric values. The important advantage of this model is that, when the user measures on it with a scale
meter, he can recover all dimensions with the same precision as in a common diagram. By doing so,
the geometric accuracy of the displayed objects can be ensured. The orthophoto is geometrically
identical to a map. Figure 19 is presenting the detailed 3D model of the same area. The 3D model
represents terrain surface, sites, vegetation and other landscape elements in a three-dimensional scale.
The 3D visualization expands the ability for analysis, exploration, presentation and management tasks
related to the displayed area.

IMG_0001_1 IMG_0001_2 IMG_0001_3 IMG_0001_6

IMG_0002_1 IMG_0002_2 IMG_0002_3 IMG_0002_4 IMG_0002_5 IMG_0002_6

Figure 15: This image presents 2 images of the whole collected dataset where 001 and 002 refer to the image id numbers

and the _1:_6 refer to the band numbering.

IMG_OOb1_1 IMG_0001_2 IMG_0001_3 IMG_0001_4 IMG_0001_5 IMG_0001_6

Figure 16: The example of the image stacking for the IMG_001. The 6 bands (blue, green, red, red edge, NIR, thermal) are
stacked together and the result of this procedure is a multispectral image.
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Figure 17: Photogrammetric procedure results. On the left image is presenting the result of the image alignment procedure
where points from the images are detected, selected and matched, in order to be then correctly aligned. The sparse point
cloud and the 3D model are presenting in the middle and right image respectively.

Figure 18: The orthophoto that resulted after the implementation of photogrammetric algorithms on a dataset of 337 UAV
images.

Figure 19: The 3D model which has been resulted after the implementation of different photogrammetric techniques on UAV
imagery dataset.
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3.3. Image classification

Image classification as well as object detection are computer vision problems. Image classification is
the process of categorizing groups of pixels mainly based on their spectral characteristics. This
procedure is characterized as supervised when some training data (small groups of pixels) are visually
pre-categorized in order to create statistical measures to be applied to the entire image. One of the
most common algorithms that is used in order to categorize the entire image based on the training data
is the maximum likelihood algorithm. Maximum likelihood is a method for the estimation of the
parameters of a probability distribution by maximizing the likelihood function. This function measures
the goodness of fit of a statistical model to a sample dataset for the given values of the unknown
parameters. The implementation of this algorithm on this computer vision problem means that the
maximum likelihood uses the statistical characteristics of the training data (mean and standard
deviation) and after that, it is computing the likelihood to each pixel to belong to individual classes. In
the end, the pixels are grouping into the classes that show the highest likelihood. The above procedure
as well as some smoothing post-processing algorithms have been applied on the orthophoto (Figure
18) and the result is presenting in Figure 20. The whole procedure has been performed in the
ArcMapGIS platform.

Figure 20 The orthophoto has been classified into 4 classes: trees (green); builted area (red); soil (brown); dirt roads
(orange)

3.4. Machine learning

Machine Learning (ML) is an application of artificial intelligence (Al) that provides systems the
ability to learn and improve based on experience. Such experience is known as training data so Machine
learning algorithms build a model based on these data, in order to make predictions or decisions without
being explicitly programmed to do so.

Hereafter we elaborate on object detection for detecting several objects of interest, such as
people, vehicles etc., in real time using an aerial platform (i.e., a UAV). In order to achieve this, a
Convolutional neural network [1], a class of deep neural networks, is used. Deep neural network (DNN)
[2] is an artificial neural network with multiple layers between the input and output layers. There are
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different types of neural networks but they always consist of the same components: neurons, synapses,
weights, biases, and functions. These components functioning similar to the human brains and can be
trained like any other ML algorithm.

3.4.1. Object Detection

For the requirements of this project, several objects such as vehicles, people etc. need to be
detected, and identified. Hence, as emphasized above a Convolutional Neural Network is used for
object detection. Object detection is the computer technology that it is related to computer vision and
image processing. It deals with detecting semantic objects of certain classes in images and videos.

One specific neural network is used, Tiny Yolo V4 [3], which is the latest version of the Yolo
network models developed using Darknet framework [4]. Darknet is an open-source neural network
framework developed using Cuda and the C programming languages. Tiny yolo v4 is mostly suited for
real time scenarios due to having small number of layers. Hence, it has the ability to run object detection
with higher framerates. It is trained using the Darknet framework on the COCO Dataset [5], which
consists of 330K images, 1.5 million object instances of 80 different object types, including people, cars,
trucks, busses.

A python application has been developed that utilizes the Tiny Yolo v4 trained model to detect
and track objects in real time using the live camera streams of the UAVs. This application also utilizes
the OpenCYV library [6] and several tracking algorithms mention in [7] in order to track objects being the
same in several sequential frames. The main algorithms used here are Kalman filtering and the
Hungarian Algorithm, which uses Intersection over Union (IOU) score of the detected boxes over a
sequence of frames. An example of IOU scores is shown in figure 21.

0.905 0.532 0.291 0.143 0.0

Figure 21 Intersection Over Union scores examples.

Kalman filtering is used for its prediction capabilities and much more precise tracking. Hence,
for tracking all detections are firstly initialized with unique IDs starting from the first frame. Then, the
detection boxes in the sequence of frames are compared against their predecessors for all tracked
boxes using the 10U scores. If the score is higher than a certain threshold an identity matching has
been made. Of course, the possibility that the same object does not have an overlapping detection in
consecutive frame exists. This happens due to either missing frames from the stream or rapid
movements of the UAV. In that case, the distance to all nearby objects is calculated and if the distance
is less than a certain threshold, an association is made. Then, a Kalman predict is calculated so the
next box comparison, on the next frame, will be made with a box slightly predicted (shifted) towards the
direction that the detected object is moving, if it is indeed moving. A figure example of the algorithm is
shown in figure 22.

Using this approach, we can identify specific objects, keep them in track and then represent
them in real time. This is done by sending the tracked objects approximate GPS coordinates to the
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platform using our API. The calculations of the GPS coordinates of the tracked objects are mentioned
in section 3.4.3.

Car, ID: 10 Car, ID: 10

‘ —
Kalman Predict
| —

Car, ID: 10

— — 10U>threshold
J—‘-

Detected Box
Tracked Box
Kalman Prediction Box

—

Figure 22 Tracking algorithm, identity matching association.

3.4.2. Scene Understanding

Deep learning algorithms such as Convolutional Neural Networks (CNNs) have been widely recognized
as a prominent approach for many computer vision applications (image/video recognition, detection,
and classification) and have shown remarkable results in many scene understanding applications
8,9,10. Hence, there are many benefits stemming from using deep learning techniques in emergency
response and disaster management applications to retrieve critical information in a timely-fashion and
enable better preparation and reaction during time-critical situations and support the decision-making
processes 11. Even though CNNs have been increasingly successful at various classification tasks
through transfer learning 12, their inference speed on embedded platforms such as those found on-
board UAVs is hindered by the high computational cost that they incur and the model size of such
networks is prohibitive from a memory perspective for such embedded devices 13,14. However, for
many applications local embedded processing near the sensor is preferred over the cloud due to privacy
and latency concerns, or operation in remote areas where there is limited or even no connectivity.

In the last decade, a lot of progress has been made on CNN-based classification systems. Numerous
architectures have been proposed by the deep learning community fueled by the need to perform even
better in image classification tasks such as the ImageNet Large Scale Visual Recognition Competition
(ILSVRC). MobileNet 21 is a family of efficient networks that utilizes the idea of separable convolutions
to offer reduced computational cost with slight degradation in classification accuracy. It applies a single
filter at each input channel and then linearly combines them. Thus is designed can be easily
parametrized and optimized for mobile applications. We utilize this backbone as the basis for training a
network for image understanding in emergency response applications.

Significant relevant related work has looked into the the problem of aerial image classification for
emergency response and disaster management. In 15 the authors propose a cloud based deep learning
approach for fire detection with UAVs. The detection using a custom convolutional neural network
(similar in structure to VGG16) which is trained to discriminate between fire and non-fire images of 128
x 128 resolution. The system works by transmitting the video footage from a UAV to a workstation with
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an NVIDIA Titan Xp GPU where the algorithm is executed. Of course, in scenarios with limited
connectivity missions there would be difficulties in applying this approach. Overall, the proposed
approach achieves an accuracy in the range of 81 — 88% for this task. In 16 a method is proposed for
detecting objects of interest in avalanche debris using the pre-trained inception Network for feature
extraction and a linear Support Vector Machine for the classification. They also propose an image
segmentation method as a preprocessing technique that is based on the fact that the object of interest
is of a different color than the background in order to separate the image into regions using a sliding
window. In addition, they apply post-processing to improve the decision of a classifier based on hidden
Markov models. The application is executed on a desktop computer and not on an embedded device,
with clock speed of 3GHz and 8GB RAM average a performance of 5.4 frames per second for 224 x
224 images. The accuracy was between 72 — 97%. Similarly, the work in 16 also targets fire detection
with deep learning. Specifically, two pretrained convolutional neural networks are used and compared,
namely VGG16 and Resnet50 as base architectures to train fire detection systems. The architectures
are adapted by adding fully connected layers after the feature extraction to measure the classification
accuracy. The different models average an accuracy of ~ 91% for a custom database with an average
processing time of 1:35 seconds on an NVIDIA GeForce GTX 820 GPU. The work in 18 proposes an
approach comprised of a convolutional neural network called Fire_Net consisting of 15 layers with an
architecture similar to the VGG16 network with 8 convolutional, 4 max-pooling, and 2 fully connected
layers for recognizing fire in 128 x 128 resolution images. It is accompanied by a region proposal
algorithm that extracts image regions from larger resolution images so that they can be classified by
the neural network. The training of the system was performed on an NVIDIA GeForce 840M GPU, while
the overall accuracy is ~ 98% and the average performance is 24 frames-per-second on the particular
GPU platform for 128 x 128 resolution images and without considering the overhead of the region
proposal and region selection algorithms. In 19 a deep convolutional neural network is trained to classify
aerial photos in one of 5 classes corresponding to natural disasters. The VGG network is used as the
base feature extraction and a fully connected is placed on top of it to perform the transfer learning for
the new task. An accuracy of 91% is achieved for a custom test set and on average less than 3 seconds
are needed to process an image of 224 x 224 on an Intel Core i7 machine. From the literature analysis
it is clear that existing approaches use existing pre-trained networks which adapt through transfer
learning for the classification of a single event and primarily utilize desktop-class systems as the main
computational platform that remotely process the UAV footage on GPUs. However, in certain scenarios
the communication latency and connectivity issues may hinder the performance of such systems
necessitating higher autonomy levels for the UAV and on-board processing capabilities. Also, the
computing limitations of embedded platforms constitute the use of existing algorithms targeting desktop-
class systems infeasible.

Algorithm implementation

Training a CNN for aerial image understanding for emergency response and disaster management
applications first requires collecting a suitable dataset for this task. As such, a dedicated database for
this task is constructed 20. The dataset construction involved manually collecting all images for four
disaster events, 420 images of Fire/Smoke, 399 images for Flood, 401 images for Collapsed
Building/Rubble, and 427 images for Traffic Incidents, as well as 1218 images for the Normal case.

15



Visually similar images such as for example active flames and smoke are grouped together. The aerial
images of these disaster classes were collected from multiple sources such as the world-wide-web (e.g.
google images, bing images, youtube, news agencies web sites, etc.), other databases of general aerial
images. During the data collection process the various disaster events were captured with different
resolutions and under various condition with regards to illumination and viewpoint. Finally, to replicate
real world scenarios the dataset is imbalanced in the sense that it contains more images from the
Normal class. Of course, this can make the training more challenging, however, a certain strategy is
followed to combat this during training which will be detailed in the following sections. The operational
conditions of the UAV may vary depending on the environment, as such it is important that the dataset
does not contain only "clean" and "clear" images. In addition, data-collection can be time-consuming
and expensive. Hence to further enhance the dataset a number random augmentations are
probabilistically applied to each image prior to adding it to the batch for training. Specifically these are
geometric transformations such as rotations, translations, horizontal axis mirroring, cropping and
zooming, as well as image manipulations such as illumination changes, color shifting, blurring,
sharpening, and shadowing. Each transformation is applied with a random probability which is set in
such as a way to ensure that not all images in a training batch are transformed so that the network does
not capture the augmentation properties as a characteristic of the dataset. The objective of all these
transformations is to combat overfitting and increase the variability in the training size to achieve a
higher generalization capability. Some samples from the dataset can be seen in Figure 23. Overall, with
respect to the related works that consider multiclass problems almost 5x more data were collected. In
addition, using augmentations the initial dataset was considerably expanded even further.
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Figure 23: Example images from the Aerial Image Dataset for Emergency Response
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Transfer Learning (Figure 24) is a method that uses transferable knowledge from another model and
refines it using data available for the task at hand. The approach uses a base model that does very well
at some general tasks like classifying all types of images into a thousand different classes. We do this
by removing the last classifier layer, and fit a new classification layer which is then trained with new
images. In this case, the base model simply functions as a ‘fixed feature extractor’ by creating a
representation of an image that has captured generally relevant features.

For transfer learning a network more suited to embedded domains such as MobileNet 21 is selected.
The feature extraction part is frozen for this network, applying all necessary preprocessing steps to the
input image, and add a classification layer on top similar to prior works. In contrast to other works a
global (per feature-map) average-pooling layer is applied prior to the dense layers followed by a softmax
classification layer at the end. The average pooling reduces the parameter count and the subsequent
computational and memory requirements and has shown to perform equally as well with the traditional
approaches. Hence, the pre-trained models used for comparison are inherently more efficient in terms
of memory and operations than the networks used in the literature for this task, which utilize fully
connected layers.

~IM images MobileNet
[ P
.\__
Copy the Remove softmax layer
600images  weights Add two layer model
[ P .

Fire/Smoke

| 0 Flood

, ¥ ..3__ .
Train these weights only

Figure 24: lllustration of the transfer learning concept used for training.

The first step in the training process is to split the dataset into training and validation. The bulk of the
data are allocated to the training set and the rest is used for validation in a 0.85, 0.15 ratio. As mentioned
prior, the Normal class is the majority class and thus is over-represented in the dataset. This reflects
real-world conditions, however, if not addressed, it can potentially lead to problems where the network
overfits and thus classifies everything as the maijority class. To avoid issues due to the dataset
imbalance the simultaneous use of majority class undersampling with oversampling of the minority
classes within the same batch is performed. To do this we select the same number of images form each
class to form a batch and this way all cases are equally represented. All the networks where trained
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using a GeForce Titan Xp, on a PC with an Intel i7 — 7700K processor, and 32GB of RAM. The Adam
optimization method was used for training with a learning rate of 0.001. The network is trained for 100
with a batch size of 32.

The main steps in this process are outlined below:

1) Take the trained MobileNet 21 model, a 28 Layer CNN model to classify images.

2) Truncate the softmax layer of this model and set the output of this model as last but one tensor
representation of the image

3) Create a small model with two just layers — One Dense layer (with say 100 units) and another
final softmax layer with as many units as the number of classes we want. Our first Dense layer
must take the same input as the output of MobileNet.

4) Capture images and convert each image to its tensor using MobileNet. This transformed data
is all that we need to train our model.

5) Using this training data, and our defined model, train our 2-layer model alone for a few epochs.

6) Create a joint model by attaching MobileNet and our 2-layer model.

7) Given a new image, run it through this joint model to generate a prediction.

Performance Evaluation

In this section, the analysis of the trained network is presented with results from the experimental
evaluation. The per-class accuracy of the network is shown in Figure 25. Overall, we achieve an
accuracy of over 90% for all classes. Figure 26 shows the confusion matrix for the model. As
expected, the majority of mistakes are made from misclassifying some events as normal. In particular,
misclassifying an image as traffic incident shows the highest error, which is to be expected since
these types of incidents need a high level of context and encapsulate a large number of possibilities.
In addition, the collapsed_building class has the lowest accuracy, this can be explained by the fact
that these images generally have little structure and this makes it more difficult for the network to
recognize such events. This can also be attributed to the fact that some collapsed_building images
may also have other cues such as fumes/smoke, which makes them ambiguous. Another form of
confusion is the fact that flood and road images have similar color cues. It is expected that
incorporating a motion model or temporal information can help extract more context. Also, below we
can see some classification results from the network.

scaleCoun!
CLASS ACCURACY # SAMPLES Normal . i - ng
Fre{ 3 60 0 0 0
Normal 0.92 183 "
8 Flood{ 4 0 56 0 0
Fire 0.95 63 ©
Trafficinci.{ 4 0 1 60 0
Flood 0.93 60 Collapsed Bu... 5 0 0 1 55
Traffic Incident  0.92 65 g £ 3 o 2 0
2 = 5z
Collapsed Building 0.90 61 :’i g
Prediction ©
Figure 25: Per class accuracy and number of samples Figure 26: Confusion Matrix
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3.4.3. Distant Metrics

Upon detecting and matching the objects, the ground distance of the objects from the sensor
(e.g. camera) can be calculated using triangulation, as well as the lateral, longitude coordinates of the
objects. For instance, the lateral and longitude coordinates are calculated along great-circle distance
and bearing from the UAV’s GPS coordinates as a start point.

To do that, initially some parameters taken from the UAV are required. Through the API, the
relevant parameters are extracted including the altitude, lateral and longitude coordinates, the camera’s
angle and bearing of the UAV during the current timestamp. The following calculations are implemented

for every object detection.
- w FOVy
i\ rovy 0= (-7)* (57
w=o+ (7-0)*(F)

The y is the angle between the detected object, the camera and the ground. ¢ is the angle between
the object, the ground and the center of the image. © is the angle of the camera looking at the ground.
H, W is the image’s Height and Width. FOV v/h respectively are the vertical and horizontal field of view
of the UAV’s camera. The object’s location on the image is represented with (i,j). The altitude of the
drone is the h and the Y is the final ground distance calculated, from the UAV’s location to the detected
object. Upon calculating the ground distance, the object’s lateral and longitude position can be
calculated using the following equations.

Y = h X tan(y)

Yy Yi
)+cos(lat;) X sin(
ER. " ER:
n(B) x sin(E-)
Sin X Sin
| » E Ry N
Lon=((lons:+asin( )47 )modulo(2Xm))—m
cos(laty)

Lat=asin(sin(lat;) X cos( )X cos(B))

Lats, Lons represent the UAV’s latitude and longitude, B is the bearing to the north. Yk and ERk
represent the ground distance previously calculated and the Earth radius respectively in kilometers.
Noted that all angles (lat,lon,bearing) are changed to radians in order to be used in these equations.
Afterwards, lateral and longitude values are changed back to degrees. An example of results can be
seen in Figure 27, in which the location of the detected objects is represented in the platform. Also, a
popup window of the actual stream including the detections can be seen.

21



Figure 27 Detecting and positioning vehicles on the platform in real time.

3.5. Dynamical Modelling

In this part, we provide details regarding dynamical modeling algorithms for simulating/predicting forest
fire spreading and flood spreading. Moreover, we present algorithms that enable UAVs to track both
forest fires and floods, providing real-time information to first responders such as the specific disaster
location, fire fronts growth, rate of spreading, etc., that they can use to manage more effectively the
disaster situation.

3.5.1. Forest fire prediction (FARSITE)

Wildfire simulation has attracted significant research efforts over the years due to the potential in
predicting wildfire spreading. This property has considerable importance for planning purposes and
disaster management, allowing effective and constructive decision making.

The core model of fire spreading propagation was developed over the years from various researches.
Initially, the equations to mathematically calculate the rate of speed and intensity of fire spread created
by Rothermel'. Then, the elliptical model to estimate fire fronts growth was introduced by Richards?.
Finally, building on top of the previous research, Finney et al.® developed the fire growth model called

"R. C. Rothermel, A Mathematical Model for Predicting Fire Spread in Wildland Fuels. Ogden, UT, USA: U.S.
Dept. Agric., 1972.
2 G. D. Richards, “An elliptical growth model of forest fire fronts and its numerical solution,” Int. J. Numer.
Methods Eng., vol. 30, no. 6, pp. 1163—-1179, 1990.
3 M. A. Finney et al., FARSITE: Fire Area Simulator: Model Development and Evaluation. Ogden, UT, USA: U.S.
Dept. Agric., Forest Service, Rocky Mountain Res. Station, 2004.

22



Fire Area Simulator (FARSITE), which is considered the most reliable model and is widely used by
several federal and state land management agencies to simulate the spread of wildfires.

FARSITE automatically computes wildfire growth and behavior for extended time periods, using
information regarding geography, topography, terrain, fuel, and weather conditions. The modeling
approach uses a vector propagation technique to calculate fire perimeter expansion (fire front) based
on both space and time resolution of fire growth over the landscape. Specifically, FARSITE considers
each point on the fire front as a new source of fire generation. The fire front is then propagated as a
continuously expanding fire polygon or ellipse based on the weather condition (wind speed and
direction), rate of fire spreading according to the vegetation type, and location geography. The model
outputs vector fire perimeters (polygons) at specified time intervals that illustrate the fire propagation in
the area under study, including information for the fire’'s spread rate and intensity. Fig. 28 presents
simulation results using FARSITE, showing the fire evolution and intensity at different time steps.

FARSITE produces complex patterns of fire growth and behavior as result of spatial and temporal input
data dependencies to the model. Specifically, the fire growth prediction model requires spatial data that
consists of the fuels, weather, and topographic elements of fire behavior. For simulation purposes,
weather and winds are usually input streams of data including windspeed, direction and cloud cover,
whereas fuels and topography are provided as GIS data for easy access including elevation, slope,
surface fuel, canopy cover, and crown details. For quick data generation, a simplified model of FARSITE
that describe the fire front growth is possible by assuming uniform or gaussian distributions for fuel,
weather and landscape. In case of uniform fuel distribution, uniform landscape and weather, and
constant wind direction, fire fronts propagate in an elliptical fashion using FARSITE.

For practical applications, such as real-time in field fire growth projections, the weather and wind data
can be extracted from weather recording stations that are very close to the fire location or using sensors
in the field (e.g., on top of UAVSs). All other data (fuel, landscape information) must be available for the
specified location in a database for quick and easy access. In case that this is not possible, assumptions
can be made along with real-time images from the fire that can help derive prediction regarding the fire
spread.
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Figure 28: Fire spreading at different time steps using FARSITE. At t=0, the fire starts with a few sources
around (600, 500) and then grows bigger and spreads around the field with the results shown at t = 1000, t =
3000, and t = 6000. The color bar indicates the fire's intensity level, where the darker the color, the higher the
intensity.

FARSITE is a state-of-the-art fire propagation system that adopts the vector approach to fire growth
modeling that enables the simulation of wind-driven wildland fires using the current fire behavior
models. The simulations illustrated that time-and-space dependent fire behavior can be simulated
with realistic consequences to spatial patterns of fire growth and behavior.

3.5.2. Flood prediction

Advances in flood modelling have evolved rapidly in recent years and are now at the center of
various studies for mitigating flooding hazards. Flood modelling generally involves designing
techniques and algorithms that describe flooding based on floodwater velocity, depth, and extent.
Since flood water is a form of wave phenomenon that propagates in a downgradient direction,
associating flow rate and water level changes, the models to describe this behavior are often
designed to solve numerical expressions that estimate floodwater propagation from one point to
another within a spatial domain.

Significant progress has been made in developing various flooding models, including one-
dimensional, two-dimensional, and three-dimensional. Most preferable are currently the two-
dimensional flood models. They provide more accurate results than the simplistic, one-dimensional
models while requiring less computational time and thus faster than the three-dimensional models.
The two-dimensional flood models such as TUTFLOW, SOBEK, and MIKE 21 solve the two-
dimensional shallow water equation (SWEs) by utilizing appropriate numerical methods. These
models have been benefited tremendously from the advances in remote sensing technology, such
as airborne LIDAR and Synthetic Aperture Radar (SAR) data. Specifically, high-resolution
topographic data provide accurate and high-quality input data in two-dimensional flood modelling
with a detailed description of urban geometry such as streets, roads, and buildings. By having high
quality input data available, the two-dimensional flood models can simulate urban flooding with
comprehensive representation of flow hydrodynamics along with small scale topographic features
that enable less uncertainty to the generated results.
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Optimal flood models provide the friction, slope, acceleration, gravity, mass, and momentum of the
water during a flooding situation. However, the estimation of all those parameters depends on the
model accuracy and input data availability. In case of low-quality or less available data, flood models
with simpler mathematical representations can be applied, including simplified two-dimensional
models or reduced complexity models (RCM) such as the LISFLOOD-FP, JFLOW, and ISIS-FAST.
Along with coupled 1D/2D models and Cellular Automata (CA) based models, RCM can solve the
kinematic wave, diffusive wave, and inertial wave equations which result from various simplifications
of the SWEs.

Overall, the use of two-dimensional flood models received positive momentum for flood prediction
from various sources and are considered optimal in flood modelling. These models have so far
provided realistic applications and demonstrated high performance in the areas of urban flood
modelling.

Figure 29: Flood prediction using TUFLOW modeling solution.

3.5.3. Tracking

Fire and flood prediction models are exceptional tools for planning and disaster management.
However, during a wildfire or flood, the situation changes very fast due to various conditions that
are not easily predictable by the models. Thus, real-time tracking and monitoring of the unfolding
disaster is crucial for assisting humans during hazardous tasks. The use of manned helicopters for
fire and flood tracking tasks is quite common method, as well as the continuous inspection of satellite
images. Compared to both these methods, the use of UAVs (drones) significant advantages for
tracking tasks since they conserve sizable operation costs and minimize the risk compared to the
use of manned helicopters. Furthermore, UAVs are available on-demand and can provide real-time
coverage compared to the satellite coverage that is periodic with unfavorable revisit times.

The characteristics of UAVs make them very favorable for the task of tracking. UAVs can fly at low
altitudes and capture high-resolution imagery and broadcast frequent updates to disaster
management crews. However, since the disaster area from fire or flood can become large is
necessary to deploy a team of drones to achieve good coverage and frequent updates. Tracking a
wildfire or flood poses various challenges and requires the design and utilization of complex
algorithms for autonomous control, coordination, cooperation, and data exchange between a team
of UAVs. Fortunately, various such algorithms have been developed that enable a team of UAVs to
perform perimeter tracking, disaster coverage, and disaster frontier tracking.
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Figure 30: Perimeter tracking by a team of UAVs as it grows. (a) four UAVs monitor the perimeter, and
another one is approaching. (b) four UAVs reach the checkpoints for data exchange, and the other two
monitor the perimeter. (c) six UAVs monitor the perimeter and reach the checkpoints for data exchange.

Perimeter tracking algorithms enable a team of UAVs with appropriate hardware (e.g., camera, IR
sensors, etc.) to detect the edge of fire or flood. Then they can fly to a safe altitude close to the
boundary of the disaster and continuously calculate the coordinates as it grows over time. However,
the perimeter can grow significantly, and new UAVs need to be added to avoid data transmission
delays. Figure 30 shows an example of a perimeter tracking algorithm. Initially, in Figure 30(a), four
UAVs monitor the perimeter, and another is approaching. As can be seen, the two blue UAVs fly
clockwise while the two red UAVs counterclockwise. This formation allows splitting the distance of
the perimeter with each UAV monitoring the same perimeter length. In Figure 3.3.2(b), as the
perimeter grows, two more UAVs are added to the team, while the four “oldest” UAVs reach a
checkpoint for data exchange (i.e., exchange of perimeter GPS coordinates) that will propagate
through the UAVs and finally reach the base station from the closest UAV. Finally, in Figure 3.3.2(c),
the algorithm controls the six UAVs to monitor the same length of the perimeter to minimize the data
delay through the UAVs so that the base station is updated with the latest available perimeter GPS
coordinates.

Disaster coverage algorithms coordinate a team of UAVs to continuously fly above the fire burning
or flooded area and collect data such as images for analysis, check for survivors, etc. For the
coverage task, the UAVs are controlled dynamically to maximize their coverage field while satisfying
certain constraints such as maximum distance for successful communication, minimum distance for
collision avoidance, and minimum altitude for a safe distance from the ground. Figure. 31 presents
a screenshot from a coverage mission of a team of UAVs during a wildfire. The UAVs are equipped
with cameras that can identify the intensity of the fire. Based on this information, the UAVs control
their position and their altitude, adjusting their field of view (FOV) and the quality of images while
exchange data between them to maximize the wildfire coverage as it evolves.
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Figure 31: Shows the positions of a team of 10 UAVs and their field of view (FOV) during a wildfire coverage
mission.

The disaster frontiers, i.e., the locations that the disaster moves forward (such as fire fronts), are
critical since it allows the disaster management teams to take necessary actions that can potentially
reduce the extent of the disaster. Thus, algorithms have been developed that enable a team of
UAVs to track the disaster front. Specifically, during the disaster front tracking mission, the UAVs
will approach and detect the fire or the flood boundary, similar to the perimeter tracking task. They
will then determine the points on the boundary that move faster, allowing them to identify the
disaster's frontier. After that, the UAVs will fly above the frontier, allowing close inspection and real-
time monitoring by the disaster management teams. Figure 32 illustrates the result of disaster
frontier tracking algorithm controlling a team of UAVs at different time steps.
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Figure 32: UAVs track the frontier of a disaster as it grows.
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4 Conclusion

In this deliverable, we have first reviewed the state-of-the-art algorithmic tools for data analysis that
can best address the user requirements in emergency response information. In addition, through real
examples we have demonstrated the applicability of these algorithms in extracting the relevant data
and discussed how this information can be depicted on the AIDERS ground control platform for
visualization and decision support.
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