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From the large scale atmospheric turbulent motion to blood flow in microvessels, 

our daily lives are dependent on various modes of transport phenomena. Different 

techniques exist that help us to study and understand these complex phenomena 

experimentally. Flow visualization is one of the most used methods that provide a good 

qualitative understanding of complex fluid behavior. By definition, flow visualization is 

the process of making the physics of fluid flows visible. With the development of digital 

and computational imagery, flow visualization has transitioned from being a qualitative 

measure to a quantitative measure of transport phenomena. In this research, we have 

incorporated computational imagery techniques to delineate different scales of transport 

phenomena such as the flow of convective hot air around a flame and the blood flow inside 

a mouse’s brain. The visualization was done by generating granular patterns of dark and 

bright spots, noise, and imposing it on the flow field. For the fire experiments, the granular 

pattern was created by illuminating a printed noise pattern using white non-coherent light. 
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The hot air around the flame caused fluctuations in air density affecting the air’s refractive 

index, leading to distortion of the background image. By comparing distorted and 

undistorted images using optical flow algorithms, the flow field was visualized. A similar 

algorithm can be deployed to visualize the flow inside a mouse’s brain. Instead of using 

noncoherent light, the granular pattern was generated by using a laser beam. This granular 

pattern, produced by random interference effects in laser light, is commonly referred to as 

laser speckle pattern. When the speckle pattern is generated on blood vessels, the flow of 

blood causes fluctuations in this pattern leading to a blurriness associated with the blood 

vessel. This blurriness is later processed using computer algorithms which can be 

correlated to the motion of the red blood cells. This presentation will describe the pipeline 

for creating flow visualization of these multi scale transport phenomena and relevant 

results. 
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1 Introduction  

From flow around turbulent diffusive flames to flow inside the blood vessels, flow 

visualization can be used to understand flow behavior in various scales. Flow visualization 

could be the result of an experimental method such as Particle Image Velocimetry (PIV) 

or output of a computational simulation. Therefore, flow visualization has become an 

inevitable part of fluid dynamics research. Flow visualization has been used in various 

fields of science, like engineering, medical science, aerodynamics, etc. Flow visualization 

techniques existed for a long time. These methods are a great way to give qualitative 

information about the flow field 

Before the development of CCD (charged-coupled devices) image sensors in the 1980s, 

flow visualization had been used mainly for qualitative understanding of flow behavior. 

With the expansion of digital image sensors such as CCD and CMOS (Complementary 

metal–oxide–semiconductor) sensors, image acquisition has become more advanced and 

convenient to use. Along with these developments, computer algorithms have been 

developed simultaneously to utilize digital imagery and analyze digital images. These 

advances caused digital Image processing and understanding to become an important field 

in engineering, which is usually referred to as “computer vision” or “machine vision.” By 

definition, computer vision is a scientific field in which algorithms will be developed to 

help computers gain understanding from digital images and videos. 

Image processing makes it possible to use flow visualization as a quantitative technique 

of flow measurement. The most common and famous method that has been utilizing image 
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processing in fluid mechanics for many years is Particle Image Velocimetry (PIV). In PIV 

the fluid is seeded with visible tracing agents (usually solid particles). The flow field causes 

displacement and movement of tracing agents (particles). Assuming that the particles 

follow the fluid dynamics, the motion of seeding particles is used to calculate the velocity 

field. 

PIV is a great example of how a traditional flow visualization technique could be 

combined with advanced image processing algorithms to calculate and measure flow 

behavior. In an earlier work (Aminfar 2015), various flow visualization techniques and 

computer vision algorithms were studied. The methodology and algorithms explained in 

this work were generally focused on a process referred to as first-generation computer 

vision application in fluid mechanics.  

In the first-generation computer vision application in fluid mechanics, the flow is 

visualized using classical methods, which includes all the technics that were developed 

since Leonardo Da Vinci. Merzkirch (2012) has classified these flow visualization methods 

into three basic subcategories of adding foreign matter, optical technics and the addition of 

heat and energy. Yang (2001) has classified this generation into four groups of wall tracing, 

tuft, tracer, and optical flow. The next step in first-generation computer vision in fluid 

mechanics is to capture and obtain images using digital imagery. Afterward, the digital 

images are processed and analyzed using advanced computer vision algorithms. The 

resulting data is used to get a better understanding of the flow behavior.  Figure 1-1 shows 

an example and demonstration of the implementation of PIV, which is considered as a first 

generation application of computer vision in fluid mechanics. The flow is visualized by 
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injecting tracing solid particles in the flow. The particles were illuminated in a planar 

surface using a laser sheet. In the second step, the images were captured using CMOS 

image sensors. Afterward, a pair of images were selected and compared using 

autocorrelation algorithms to measure displacements of tracing particles between a pair of 

images. Assuming the motion of the particles corresponds to flow dynamics, the 

corresponding velocity field could be reconstructed. The velocity fields could then be 

processed to obtain information such as vorticity or shear stresses associated with flow 

field. 

 
Figure 1.1 Process for first-generation computer vision in fluid mechanics 

In the second generation of computer vision in fluid mechanics, the flow cannot be 

pictured by the naked eye. In this generation, first, the raw data obtained by the image 

sensors are processed to visualize the flow. After computationally visualizing the flow, the 

flow is processed to obtain secondary information such as velocity field. A good example 

Flow Visualization & 

Image Capturing  
Image Processing 

Fluid mechanics Based 

processing  
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of this generation is Background Oriented Schlieren (BOS). BOS uses the Gladstone Dale 

principal to correlate the distortion of noise background to density gradient inside an 

inhomogeneous flow field. The BOS system and principal is discussed later in this 

dissertation in section 3.3.1. Figure 1-2 demonstrates the pipeline for BOS, which is an 

example of second generation computer vision algorithms in fluid mechanics. 

 
Figure 1.2 Process for second-generation computer vision in fluid mechanics 

The focus of this dissertation was to deploy both processes to understand and visualize 

the flow behavior in a wide range of applications. These applications include using 

computer vision and unsupervised machine learning to develop a data-driven model to 

describe the bubble behavior in turbulent jets, using Background Oriented Schlieren (BOS) 

as a methodology to visualize the flow ahead of the flame and improving traditional laser 

speckle imagery (LSI) to visualize blood flow.  

Image Capturing  
Flow Visualization  from                    

Image-Processing 
Fluid mechanics Based 

processing  
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Before introducing these applications, it is important to have a basic understanding of 

the computer vision algorithms that were deployed.
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2 Computer Vision Algorithms  

In this Section, fundamental computer vision algorithms, which are used in this study, 

are described. For the purpose of this dissertation, the algorithms are divided into three 

categories: optical flow estimation algorithms, image convolution matrix and region 

feature extraction algorithms.  

2.1 Optical Flow Estimation of the Flow Field  

Optical flow is apparent movement of brightness patterns in an image which is formed 

from the relative motion of an object with regards to a viewer. The concept of optical flow 

estimation arises from James J. Gibson’s (1966) work on the visual stimulus provided to 

animals. Considering that surface that is being imaged is flat with uniform illumination 

across the surface, the brightness at a point in the image is proportional to reflectance of 

the surface at that corresponding point. Assuming that the reflectance varies smoothly so 

that the brightness data is differentiable, optical flow is defined as the 2D vector field 

describing apparent motion of each pixel point between two images 

𝐼(𝑥, 𝑦, 𝑡0), 𝐼(𝑥 , 𝑦 , 𝑡1). 

2.1.1 Brightness Conservation Constraint (Aperture problem)   

Assuming that the grey value (brightness) of a pixel does not change by displacement, 

the following relation can be written   

𝐼(𝑥, 𝑦, 𝑡) = 𝐼(𝑥 + 𝛿𝑥, 𝑦 + 𝛿𝑦, 𝑡 + 𝛿𝑡)      (2-1) 

Based on this assumption, also known as conservation of brightness, the change of 

brightness of a specific pixel point between a pair of images is due to the apparent motion 
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of those pixels. Conservation of brightness principal could be restated such as if a point in 

the object is selected and then the point is followed between the pair of images, the intensity 

of the pixel does not change. The linearized version of the brightness conservation 

assumption leads to optical flow constraint: 

𝐷𝐼

𝐷𝑡
=

𝜕𝐼

𝜕𝑡
+
𝛿𝑥

𝛿𝑡
.
𝜕𝐼

𝜕𝑥
+
𝜕𝑦

𝜕𝑡
.
𝜕𝐼

𝜕𝑦
 =

𝜕𝐼

𝜕𝑡
+ 𝑢.

𝜕𝐼

𝜕𝑥
+ 𝑣.

𝜕𝐼

𝜕𝑦
= 0    (2-2) 

Conservation of brightness is a conceptual concept that is not always correct, because 

various external sources have an effect of the brightness of a pixel. Moreover, equation (2-

2) is based on the assumption that apparent motion between a pair of images is small and 

it is in order of the size of a pixel. Thus equation (2-2) by itself may not provide a good 

estimation of big movements in the image. Nevertheless, Equation (2-2) states that the 

apparent motion is dependent on both spatial and temporal gradient of pixel intensities. 

There are two unknowns 𝑢 and 𝑣 in equation 2-2, thus the optical flow constraint cannot 

provide information of the 2D vector by itself. Additional constraints are needed to solve 

for 𝑢 and 𝑣.  

2.1.1.A Horn-Schunck Smoothness Constraint  

One of the earliest attempts to provide a solution for 𝑢 and 𝑣 in equation (2-2) was 

provided by Horn-Schunck (1980). In their methodology, they introduced another set of 

constraint known as the smoothness constraint. This constraint states that for very slow 

displacement and movements the square of the gradient of velocity should be very small, 

mathematically : (  
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𝛦𝑆
2 = (

𝜕𝑢

𝜕𝑥
)
2

+ (
𝜕𝑢

𝜕𝑦
)
2

+ (
𝜕𝑣

𝜕𝑥
)
2

+ (
𝜕𝑣

𝜕𝑦
)
2

      (2-3) 

Here 𝐸𝑆
2  is the energy function associated with the gradient of velocity. Equation (2-3) and 

(2-2) could be combined to provide the following energy function: 

∫ (
𝜕𝐼

𝜕𝑡
+ 𝑢.

𝜕𝐼

𝜕𝑥
+ 𝑣.

𝜕𝐼

𝜕𝑦
)
2

+ 𝛼
Ω

(|∇𝑢|2 + |∇𝑣|2) 𝑑𝑥𝑑𝑦    (2-4) 

where Ω represent the image domain, and 𝛼 is a factor which weights in the smoothness 

constraint. After basic transformations, it is shown that minimization of equation (2-4) is 

equivalent to minimization of  

∫ (
𝐷𝐼

𝐷𝑡
)2 + 𝛼

Ω
((∇. 𝑈)2 + |∇ × 𝑈|2)𝑑𝑥𝑑𝑦      (2-5) 

where 𝑈 = 𝑢 ∙ 𝑖̂ + 𝑣 ∙ 𝑗̂ is the velocity vector. In fluid mechanics, minimization of 

divergence of velocity (∇.𝑈) corresponds to the fact that the flow is incompressible, and 

minimization of ∇ × 𝑈 signifies that the vorticity, corresponding to the flow field between 

a pair of images, is minimized 

• Solution Scheme for Horn-schnuck 

Horn-schnuck algorithm is one of the fundamental algorithms in optical flow 

measurements, and many algorithms are based on it. In this methodology, In order to solve 

for  𝑢 and 𝑣 , Euler-Lagrange equation is applied to the energy function shown in equation 

(2-4), resulting to the following system of Partial differential equations: 

Ix (
𝜕𝐼

𝜕𝑡
+ 𝑢.

𝜕𝐼

𝜕𝑥
+ 𝑣.

𝜕𝐼

𝜕𝑦
) − α2∇2𝑢 = 0      (2-6.a) 
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Iy (
𝜕𝐼

𝜕𝑡
+ 𝑢.

𝜕𝐼

𝜕𝑥
+ 𝑣.

𝜕𝐼

𝜕𝑦
) − α2∇2𝑣 = 0      (2-6.b) 

Approximating the Laplace of velocity as an average velocity of surrounding pixels (∇2u ≈

κ(u̅ − u)and ∇2v ≈ κ(v̅ − v), the equations 2-6 can be simplified as: 

(𝛼2 + 𝐼𝑥
2)𝑢 + 𝐼𝑥𝐼𝑦𝑣 = 𝛼

2�̅� − 𝐼𝑥𝐼𝑡       (2-7.a) 

𝐼𝑥𝐼𝑦𝑢 + (𝐼𝑦
2 + 𝛼2)𝑣 = 𝛼2�̅� − 𝐼𝑦𝐼𝑡       (2-7.b) 

Thus, 𝑢 and 𝑣 can be obtained by solving the following system of equations through 

iteration. 

(𝛼2 + 𝐼𝑥
2 + 𝐼𝑦

2)𝑢 = +(𝛼2 + 𝐼𝑦
2)�̅� − 𝐼𝑥𝐼𝑦�̅� − 𝐼𝑥𝐼𝑡    (2-8.a) 

(𝛼2 + 𝐼𝑥
2 + 𝐼𝑦

2)𝑣 = +(𝛼2 + 𝐼𝑥
2)�̅� − 𝐼𝑥𝐼𝑦�̅� − 𝐼𝑦𝐼𝑡     (2-8.b) 

2.1.2 Gradient constancy constraint: 

Since the brightness conservation constraint has the drawback that slight changes in 

brightness, can influence the results. Uras(1988) introduced another reasonable constraint 

besides equation (2-2). Based on equation (2-2), he showed that the following system of 

equations would hold : 

𝜕2𝐼

𝜕𝑥𝜕𝑡
+ 𝑢.

𝜕2𝐼

𝜕𝑥2
+ 𝑣.

𝜕2𝐼

𝜕𝑥𝜕𝑦
= 0        (2-9.a) 

𝜕2𝐼

𝜕𝑦𝜕𝑡
+ 𝑢.

𝜕2𝐼

𝜕𝑥𝜕𝑦
+ 𝑣.

𝜕2𝐼

𝜕𝑦2
= 0        (2-9.b) 

This System of equation could be rewritten as : 
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𝐷

𝐷𝑡
(∇𝐼) = 0          (2-10) 

In other words, in this constraint, it is assumed that the gradient of the brightness of the 

images doesn’t vary due to displacement: 

∇𝐼(𝑥, 𝑦, 𝑡) = ∇𝐼(𝑥 + 𝛿𝑥, 𝑦 + 𝛿𝑦, 𝑡 + 𝛿𝑡)      (2-11) 

Here ∇ denotes the spatial gradient. This assumption allows accounting for a small 

variation in the brightness of images. In the general case, equations (2-10) will not hold, 

the more accurate general equation is : 

𝐷

𝐷𝑡
(∇𝐼) = 𝐌T∇I          (2-12) 

Here 𝐌𝑇 is the transpose of the following (2 X 2) matrix : 

𝐌 = [

𝜕𝑢

𝜕𝑥

𝜕𝑢

𝜕𝑦

𝜕𝑣

𝜕𝑥 

𝜕𝑣

𝜕𝑦

]         (2-13) 

Equation 2-12 can be rewritten as  

𝐇𝑈 = −∇𝐼𝑡 + 𝑈.
𝐷𝐼

𝐷𝑇
−𝑀𝑇∇𝐼       (2-14) 

Here 𝐇 is the Hessian with respect to spatial coordinates. Knowing that equation (2-2) 

holds, (2-14) becomes: 

𝐇𝑈 = −∇𝐼𝑡 −𝑀
𝑇∇𝐼        (2-15) 

Equation (2-15) shows that in order for equation (2-10) to hold ||𝑀𝑇∇𝐼|| ≪ ∇𝐼𝑡. Uras 

discussed although the condition where this condition is not satisfied can easily be 
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produced, experience has shown that this condition holds in most cases. In order to solve 

for 𝑈 = (𝑢, 𝑣), the following linear system is solved with the exception where 𝐷𝑒𝑡𝐇 

vanishes: 

𝐇𝑈 = −∇𝐼𝑡          (2-16) 

It can be shown that equation (2-16) is the same as equation (2-10). The gradient constancy 

constraint allows small variation the image brightness and helps to solve for the 

displacement vector by a constraint that doesn’t vary under image brightness fluctuations. 

Compared to brightness conservation-equation (2-1), the image gradient conservation is 

more helpful to resolve translation motions, while brightness conservation is better for 

more complicated motions 

2.1.3 Multiscale Approach. 

The optical flow constraint is only valid when the partial derivatives can be correctly 

approximated. This is when the motion is small or the gradient of the image is linear. In 

order to estimate large displacements, the optical flow is usually embedded in a multi-scale 

strategy. One of these strategies is known as the image pyramid method. In this method, 

the image pyramid is made by repeatedly downsampling an image by a given factor. This 

factor can have any value smaller than one and depends on the image size and the 

sensitivity of the deployed algorithm. The optical flow is found on the smallest image in 

the pyramid and is used to unwarp the next smallest image. Interpolation is used for the 

fractional pixel locations 
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2.1.4 Brox et al Variational Model for optical flow estimation 

To estimate the optical flow, Brox et al (2004) derived an energy function that penalizes 

deviations from model assumptions. The first energy function is the measurement of global 

deviation from conservation of brightness and gradient constancy assumption , equations 

(2-1) and (2-11). Letting 𝐱 ≔ (𝑥, 𝑦, 𝑡)𝑇and 𝐰 ≔ (𝑢, 𝑣, 1)𝑇 the energy function is written 

as : 

𝐸1(𝑢, 𝑣) = ∫ 𝜓(|𝐼(𝐱 + 𝐰) − 𝐼(𝐱)|2 + 𝛾|∇𝐼(𝐱 + 𝐰) − ∇𝐼(𝐱)|2)𝑑𝐱
Ω

  (2-17) 

Where 𝛾 is a weight function between both constraints. In order to make the energy 

function more robust, Brox et al applied concave function 𝜓(𝑠2) = √𝑠2 + 𝜖2, which is the 

modified 𝐿1 minimization to the first term in equation 2-17. Afterwards, they introduced a 

smoothness term which explains the assumption that the model is piecewise smooth which, 

is expressed as : 

𝐸2 = ∫ 𝜓(|∇3𝑢|
2 + |∇3𝑣|

2)
Ω

       (2-18) 

Where the operator ∇3 is the tempo-spatial gradient. In the case of comparing two 

consecutive frames of images, the operator is replaced by the spatial gradient, (Horn-

Schunck smoothness constraint). The total energy function is the weighted sum between 

the two energy functions  

𝐸(𝑢, 𝑣) = 𝐸1 + 𝛼𝐸2         (2-19) 

Here 𝛼 is the regularization parameter. Brox et al approach uses coarse to fine warping 

method (image pyramids) to find the (𝑢, 𝑣) which minimize energy function 𝐸. 
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2.1.5 TV-L1 optical flow Estimation 

As mentioned earlier, the Horn-Schnuck approach is a good method when the 

displacements are small. In the presence of large displacements, it is common to replace 

optical flow constraint in equation 2-2 with : 

𝐼(𝐱 + 𝐰) − 𝐼(𝐱) = 0        (2-20) 

This equation is not linear, therefore commonly it is linearized using Taylor expansion, 

resulting in  

𝐹(𝐰) = ∇𝐼(𝐱 + 𝐰𝟎). (𝐰 − 𝐰𝟎) + 𝐼(𝐱 + 𝐰𝟎) − 𝐼(𝐱)     (2-21) 

Zach et al (2007)and Sanchez et al (2013) defined an energy function  

𝐸(𝑤) = ∫ (|∇𝑢| + |∇𝑣|)
Ω

+ 𝜆|𝐹(𝐰)|      (2-22) 

To minimize the energy function, Zach et al and Sanchez et al introduced the following 

convex relation: 

𝐸(𝑤) = ∫ (|∇𝑢| + |∇𝑣|)
Ω

+
1

2Θ
|𝑢 − 𝑣| + 𝜆|𝐹(𝐰)|    (2-23) 

Setting Θ to a very small value forces the minimization to occur where 𝑢 and 𝑣 are nearly 

equal, which reduces to the original energy function defined in equation (2-23) 

2.1.6 Lucas-Kanade method  

Almost concurrently with the seminal work of Horn-Schunck, Lucas-Kanade 

introduced another methodology and mindset for optical flow estimation. In their work, 

Lucas-Kanade (1981) assumed that the motion between the two images is slow and the 

displacement is constant in each small blocks of the image. Therefore, equation (2-2) can 
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hold for all pixel of a window 𝑊 . Writing the optical flow equation for each point of the 

window will result to the  following system of equation  

[

𝐼𝑥(𝑃1) 𝐼𝑦(𝑃1)

⋮ ⋮
𝐼𝑥(𝑃𝑛) 𝐼𝑦(𝑃𝑛)

] . [
𝑢
𝑣
] = [

−𝐼𝑡(𝑃1)
⋮

−𝐼𝑡(𝑃𝑛)
]       (2-24) 

Where 𝑃𝑛 indicates the pixel inside the block window. Simplifying this equation, it could 

be written as 𝐴 ∙ 𝑣 = 𝑏 . This system of equations has more equation than unknowns, 

therefore using the Least Square principle, both sides of the equation is multiplied by 

transpose matrix 𝐴𝑇: 

𝐴𝑇𝐴𝑣 = 𝐴𝑇𝑏          (2-25) 

Solving for the velocity matrix, the following equation is formed  

𝑣 = (ATA)−1ATb         (2-26) 

The computation will be as  

[
𝑢
𝑣
] = [

Σ𝑊2 (
𝜕𝐼

𝜕𝑥
)
2

 Σ𝑊2 (
𝜕𝐼

𝜕𝑥
) (

𝜕𝐼

𝜕𝑦
)

Σ𝑊2 (
𝜕𝐼

𝜕𝑥
) (

𝜕𝐼

𝜕𝑦
) Σ𝑊2 (

𝜕𝐼

𝜕𝑦
)
2 ]

−1

∙  [
−Σ𝑊2 (

𝜕𝐼

𝜕𝑥
) ∙ (

𝜕𝐼

𝜕𝑡
)

−

 

Σ𝑊2 (
𝜕𝐼

𝜕𝑦
) ∙ (

𝜕𝐼

𝜕𝑡
)
]  (2-27) 

Here 𝑊 is the window function to emphasize the constraint at the center of each window.  

2.1.7 Farneback method  

In a totally different approach, Farneback (2003) introduced another algorithm, which 

does not solve for equation (2-2). Instead, this methodology approximated a neighborhood 
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of both frames at a time 𝑡1 and 𝑡2 using a polynomial function. For the case of a quadratic 

polynomial, the image brightness (intensity) can be written as:  

𝐼𝑡1(𝑥) = 𝑥
𝑇𝐴1𝑥 + 𝑏1

𝑇𝑥 + 𝑐1       (2-28) 

A new signal can be constructed using a global displacement (d) as 

𝐼𝑡1(𝑥 − 𝑑) = (𝑥 − 𝑑)
𝑇𝐴1(𝑥 − 𝑑) + 𝑏1

𝑇(𝑥 − 𝑑) + 𝑐1     

= 𝑥𝑇𝐴1𝑥 + (𝑏1 − 2𝐴1𝑑)
𝑇𝑥 + 𝑑𝑇𝐴1𝑑 − 𝑏1

𝑇𝑑 + 𝑐1  2-29 

𝐼𝑡2(𝑥) = 𝑥
𝑇𝐴2𝑥 + 𝑏2

𝑇𝑥 + 𝑐        2-30 

Since 𝐼𝑡1(𝑥 − 𝑑) = 𝐼𝑡2(𝑥), equating the coefficient in the quadratic polynomial yields to 

𝑏2 = 𝑏1 − 2𝐴1𝑑 . From 𝑏2 = 𝑏1 − 2𝐴1𝑑 the transition value 𝑑 could be solved if 𝐴1 is 

non-singular. In principle, equation (2-28)and (2-29) can be equated at every pixel, and the 

solution may be obtained iteratively. Farneback noted that the pointwise solution is too 

noisy. Instead, the displacement may be assumed to be slow-varying and satisfies a 

neighborhood of 𝑊values of 𝑥, this reduces to a problem similar to (2-24) and the solution 

is obtained as  

𝑑 = (∑𝑊𝐴𝑇𝐴)−1∑𝑊𝐴𝑇Δ𝑏       (2-31) 

Here 𝐴(𝑥) = 1/2( 𝐴1(𝑥) + 𝐴2(𝑥)) and Δ𝑏 = −1/2(𝑏2(𝑥) − 𝑏1(𝑥). It is interesting to 

note the similarities between equation (2-31) and (2-26) reveals some similarities and 

differences between the Lucas-Kanade method and The Farneback Method. Lucas Kanade 

uses the gradient information in the vicinity of the pixels of interest, while the Farneback 



16 

method approximates the same information using with the coefficients of a local quadratic 

polynomial. 
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2.2 Image convolution matrix 

Convolution of two functions is an important mathematical operation that has many 

applications. In image processing, many types of filters, edge, and feature detection rely 

on convolutions. Mathematically, convolution is a measure of how two functions overlap 

with each other. It is a pointwise multiplication of one signal with another: 

𝑟(𝑖) = (𝑓 ∗ 𝑔)(𝑖) = ∫ 𝑓(𝜏)𝑔(𝑡 − 𝜏)𝑑𝜏
∞

−∞
     (2-30) 

Convolution can be expressed in discrete terms and be extended into two dimensions, 

resulting: 

𝑟(𝑖) = (𝑓 ∗ 𝑔)(𝑖) = ∑ ∑ 𝑔(𝑖 − 𝑛, 𝑗 − 𝑛)𝑓(𝑛,𝑚)𝑚𝑛     (2-31) 

Here 𝑓(t) can be considered as input signal and 𝑔(𝑡) is considered the filtering kernel. One 

of the fundamental properties of the convolution operator is defined by convolution 

theorem as : 

𝐹{𝑓 ∗ 𝑔} = 𝑘𝐹{𝑓}𝐹{𝑔}        (2-32) 

Where 𝐹 in the Fourier’s transform, practically this mean that the kernel could amplify or 

remove certain frequencies of a given signal. In Image processing, many kernels have been 

introduced to filter the image. The description of some of these kernels is followed next, 

2.2.1 Identity Kernel  

Like in mathematics, Identity kernel is a kernel that always returns the same value that 

was used as it’s argument. For a 3*3 kernel it is given as: 
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𝐾 = [
0 0 0
0 1 0
0 0 0

]         (2-33) 

2.2.2 Gaussian Filter  

In Image processing, a Gaussian filter is a result of blurring an image by Gaussian function. 

The Equation for a Gaussian filter kernel of size (2𝑘 + 1 ∗ 2𝑘 + 1) is given by : 

𝐻𝑖𝑗 =
1

2𝜋𝜎2
exp (−

(𝑖−(𝑘+1))
2
+(𝑗−(𝑘+1))

2

2𝜎2
)      (2-34) 

2.2.3 Edge Detection Kernels  

In general, Edge detection includes a variety of mathematical models that help to 

identify points in a digital image which the image brightness has discontinuities (Edges). 

There are a variety of kernels which help to identify these edges.: 

2.2.3.A Sobel operator  

The operator uses two 3X3 kernels, which are convolved with the image and calculates 

the horizontal and vertical derivatives. The computations are as : 

𝐺𝑥 = [
−1 0 1
−2 1 2
−1 0 1

] ∗ 𝐼 and 𝐺𝑦 = [
−1 −2 −1
0 1 0
1 2 1

] ∗ 𝐼     (2-35) 

Here, 𝐺𝑥 and 𝐺𝑦 are image gradients, and 𝐼  is the source image  

2.2.3.B Prewitt Operator 

Similar to the Sobel operator, Prewitt operator uses two 3X3 kernels, which are 

convolved with the image and calculates the horizontal and vertical derivatives.  
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𝐺𝑥 = [
1 0 −1
1 0 −1
1 0 −1

] ∗ 𝐼 and 𝐺𝑦 = [
1 1 1
0 1 0
−1 −1 −1

] ∗ 𝐼     (2-36) 

2.2.3.C Laplace Operator  

Unlike the Sobel edge detection operator, the Laplacian edge detector uses only one 

kernel. It calculates the second derivative of the image. The kernel used is: 

𝐺 = [
0 −1 0
−1 4 −1
0 −1 0

]or [
−1 −1 −1
−1 8 −1
−1 −1 −1

]     (2-37) 
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2.3 Region detection and feature extraction algorithms  

When the image is converted to a binary form, it can take exactly one of the two values 

of zero and one. An important application of binary images in image processing is to find 

the number of isolated objects in a scene. This is done by grouping all the pixels associated 

with an object in the image. In other words, an object is considered and defined as a group 

of connected binary regions. 

2.3.1 Image labeling  

When looking for objects, it is important to find out which pixels is corresponding to 

which binary region., how many regions are there in the image, where are these regions 

located and what are physical properties associated with this region. There are various 

methodologies and algorithms which labels and segments the image, in this section, only 

one of these methods known as sequential region marking is briefly explained. Independent 

of the methodology, it is important to address a connectivity matrix that defines how pixels 

are connected to each other. Commonly two types of 4-pixel connectivity or 8-pixel 

connectivity are used. Figure (2-1) shows the example of the connectivity matrix  

 
Figure 2.1 Demonstration of 4 points and 8 points connectivity Matrix; Red box shows 

the current pixel and the green boxes shows the neighborhood that is being searched for. 

X X 

a 
b 
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The sequential region labeling technique , which is also known as the region labeling 

method, is a classical method that consists of two steps; preliminary labeling of the image 

region followed by resolving cases which more than one label occurs. In the first step, the 

image is pass-through from top left to bottom right sequentially to assign a preliminary 

label to every pixel in the image. The neighborhood pixel matrix is slid over the image first 

horizontally and then vertically. When Each of the foreground pixels (binary value of one) 

is evaluated, it either gets assigned a new region number or in the case that one of the 

previously examined neighbors is already labeled, it takes the region number of that 

neighbor. Therefore, in this method, existing region numbers propagate in the image from 

left to right and top to bottom. After this process, in the second step, label collisions, which 

occurred in the first step, are resolved.  

2.3.2 Geometric Properties of binary image  

After segmenting the image using binary labeling, it is important to address and explain 

the features of each segmented regions. The most important properties of a region that are 

applicable in transport phenomena are its geometric properties . This section briefly covers 

some of these properties 

• Perimeter  

The perimeter or circumference of a 2D region 𝑅 in the image is defines as the length 

of its outer contour, where all points in R are connected.  
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• Area 

The area of a binary region is simply by counting the number of image pixels that make 

up the region. 

• Compactness and circularity  

Compactness is defined as the relation between a region’s area, and it’s perimeter. 

Since area and perimeter of a shape does not increase in the same order, a ratio is defined 

as 𝑎𝑟𝑒𝑎/𝑃𝑒𝑟𝑖𝑚𝑒𝑡𝑒𝑟2. When this relation is applied to a circle it has a constant value of 

1/4𝜋,so one can define circularity 𝐶 as  

𝐶(𝑅) = 4𝜋 ∙
𝐴(𝑅)

𝑃(𝑅)2
          (2-38) 

Here 𝐴(𝑅) is the area of the region and 𝑃(𝑅) is the perimeter of the region. However 

in ,some case, this ratio is not easy to calculate, thus another ratio named “Operational 

Circularity “ is defined as : 

𝐶𝑜𝑝=√
4𝐴(𝑅)

𝜋𝐿𝑚𝑎𝑥
2           (2-39) 

Here 𝐿𝑚𝑎𝑥 is the major axis length, that is the length of the axis that runs through the 

centroid and along the widest part of the binary region.  

• Centroid 

The centroid or center of gravity of a connected binary region is defined as the 

arithmetic mean of pixel coordinates in 𝑥 and 𝑦 direction, 
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�̅� =
1

𝐴(𝑅)
∑ 𝑥𝑖𝑥𝑖∈𝑅

  and  �̅� =
1

𝐴(𝑅)
∑ 𝑦𝑖𝑥𝑖∈𝑅

     (2-40) 

• Moments  

The general statistical concept of the moment is defined as: 

𝑚𝑝𝑞(𝑅) = ∑ 𝐼(𝑥𝑖 , 𝑦𝑖) ∙ 𝑥𝑖
𝑝
𝑦𝑖
𝑞

(𝑥𝑖,yi)∈𝑅
      (2-41) 

Here 𝑝, 𝑞 are the order of the moment of the image, 𝐼(𝑥𝑖, 𝑦𝑖) is the value of the pixel at 

a specific point of the image. In the special case of binary image, when only the foreground 

pixels of the region is considered, 𝐼(𝑥𝑖, 𝑦𝑖) = 1 thus equation (2-41) is simplified to  

𝑚𝑝𝑞(𝑅) = ∑ 𝑥𝑖
𝑝
𝑦𝑖
𝑞

(𝑥𝑖,yi)∈𝑅
        (2-42) 

Using this definition, the area of the binary region can be described as zero order moment,  

𝐴(𝑅) = ∑ 1(𝑥𝑖,yi)∈𝑅
= ∑ 𝑥𝑖

0𝑦𝑖
0

(𝑥𝑖,yi)∈𝑅
= 𝑚00(𝑅)    (2-43) 

Furthermore, the centroid can be redefined as  

�̅� =
𝑚10(𝑅)

𝑚00(𝑅)
          (2-44) 

�̅� =
𝑚01(𝑅)

𝑚00(𝑅)
          (2-45) 

In order to compute position independent features of the binary region it is necessary 

to shift the origin of the coordinate system to regions centroid (�̅�, �̅�). Doing so, the central 

moments of order 𝑝, 𝑞 is defined as  

𝜇𝑝𝑞(𝑅) = ∑ 𝐼(𝑥𝑖 , 𝑦𝑖) ∙ (𝑥𝑖 − �̅�)
𝑝(𝑦𝑖 − �̅�)

𝑞
(𝑥𝑖,yi)∈𝑅

    (2-46) 
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Which for our case of binary it can be rewritten as: 

𝜇𝑝𝑞(𝑅) = ∑ (𝑥𝑖 − �̅�)
𝑝(𝑦𝑖 − �̅�)

𝑞
(𝑥𝑖,yi)∈𝑅

      (2-47) 

• Region orientation  

Orientation can be defined as the direction of the major axis of the region, which, as 

mentioned earlier, is the axis that runs through the centroid and along the widest part of the 

region. Mathematically, the major axis of rotation is defined as the eigenvector of the 

moment of inertia tensor. Because rotating the axis around the major axis causes a smaller 

moment of inertia, it is also referred to as the major axis of rotation. The orientation (𝜃𝑅) 

of the major axis can be found from central moments: 

tan(2θR) =
2𝜇11(𝑅)

𝜇20(𝑅)−𝜇02(𝑅)
        (2-48) 

Similar to the orientation , moments can be used to determine the eccentricity of a binary 

region. The length of the major and minor axis of the ellipse can be defined as : 

𝐿𝑚𝑎𝑥 = 2 ∙ (
𝜆1

𝑚00(𝑅)
)
1/2

        (2-49) 

𝐿𝑚𝑖𝑛 = 2 ∙ (
2

𝑚00(𝑅)
)
1/2

        (2-50) 

Here 𝜆1, 𝜆2 are eigenvalues of the symmetric 2X2 matrix : 

𝐴 = [
𝜇20 𝜇11
𝜇11 𝜇02

]         (2-51) 
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3 Application of Computer Vision to understand Fire behavior  

Image analysis and computational imagery have become an important part of fire 

behavior study. A well-segmented flame image can help to create or improve the existing 

fire spread models. The raw data could be both visual images and infrared images(Viegas 

2006). The infrared images could be processed to obtain valuable information on the fire 

spread, and with combination with techniques such as Thermal Particle Image Velocimetry 

(TPIV), it can provide information on velocity profile within the fire plume(Zhou et al. 

2003). The visual images can be analyzed and processed to get understanding of flame 

geometry and shape. Moreover, granular noise patterns make it possible to visualize 

density gradient, thermal convection, and flow around the propagating fire.  

In this section at first, a description of computer algorithms, which are deployed to 

detect flames and measure their properties, is provided. This section is followed by a 

description of the pipeline used for TPIV algorithm. This method is used on a dataset of 

merging flames. Finally, computational imagery is used with a combination of a technique 

known as Background Oriented Schlieren to visualize the flow around a propagating fire 

in mixed vegetative fuel bed.  

3.1 Flame Geometry Measurement  

As mentioned, Flame geometry and feature detection have been used to understand fire 

behavior and make or improve existing models (Nelson et al. 2012). The early works of 

image analysis led to the development of the USDA Fire Image Analysis System (Adkins 

1995). This system allowed the user to use the contour method, two-point method, and 
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four-point method to identify and measure properties of the flame (Weise et al. 1994). This 

system relied on system input and judgment for all of the identification. With the 

development of computer vision in the past decade, image processing for fire image 

processing has improved. Edge detection has been used to identify flame edge contours 

(Gupta and Gaidhane 2014). With this automation, fundamental parameters can be 

obtained from visual images. These parameters are flame height, flame tilt, and flame 

length. The algorithm and process to obtain such parameters are described next.  

In the beginning, images are preprocessed to obtain edges of the flame. To do so, first, 

a homography and perspective transformation is applied to the raw image. This 

transformation enables prospective correction of the images. later, the RGB channeled 

imaged is converted to HSV format, and the Value channel (V) is extracted from the image. 

Afterward, a threshold value is selected to convert the images to a binary image. Finally, 

an edge detection algorithm, such as Sobel edge detection, is deployed to visualize edges 

of the flame. Figure 3.1 shows the steps for such an algorithm. 
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Figure 3.1 Algorithm for detection edges of flame. 

After obtaining the edges of the flame, an algorithm will be deployed to either Binary 

or edge images to label and segment flames (if multiple) from each other and the 

background. Doing so will enable to measure properties and characteristics of each region. 

Before explaining the properties that should be measured using this method, it is 

necessary to look at some basics of the flame geometry. In microgravity, experiments have 

shown and demonstrated that a laminar diffusive flame has a spherical shape (figure 3-2). 

When gravity is applied, is a very good approximation to assume that gravity forces will 

stretch the spherical shape of the flame and the resulting shape will be ellipsoidal (like a 

candle). Figure 3.2 demonstrates this phenomenon.  
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Figure 3.2 Demonstration of effect gravity on the shape of a laminar diffusive flame, 

image source https://www.dvidshub.net/image/760990/candle-flame-normal-1-g-one-

gravity-and-microgravity-0-g-zero-gravity-comparison 

Following the same logic, when analyzing the shape of a turbulent diffusive flame, an 

ellipsoidal (in case of 2D projection ellipse) can be used as a reference for flame 

characteristics such as flame length and flame tilt. Therefore, for each region described in 

figure 3.1, an ellipse is calculated that has the same second moment as the region. The 

orientation of such ellipse gives information such as flame tilt, and the major axis length is 

the estimation of flame length. Figure 3.3 shows the result of this process 

https://www.dvidshub.net/image/760990/candle-flame-normal-1-g-one-gravity-and-microgravity-0-g-zero-gravity-comparison
https://www.dvidshub.net/image/760990/candle-flame-normal-1-g-one-gravity-and-microgravity-0-g-zero-gravity-comparison
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Figure 3.3 Result of image labeling and fitting the best ellipsoid on the flame. The white 

line is the ellipse, the black line is the major axis, and the blue line is the vertical axis.  

Based on these assumptions and methodology, the flame parameters are:  

Table 3-1 flame geometrical properties from images.  

Flame property  Information from the images 

Height The maximum position of a flame edge (figure3.1) 

Length Major axis length of an ellipse that has the same second moment as 

the region 

Tilt The orientation of the ellipse that has the same second moment as 

the region 

3.2 Feasibility Study of Optical Flow Algorithms Application to Thermal Particle 

Image Velocimetry 

Since the wavelength of infrared thermal emission of a flame is between 3 and 15 𝜇𝑚 

and these thermal emissions are proportional to the fourth power of surface temperature, 

IR cameras have been deployed successfully to detect and map temperature within a fire. 
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The variation of thermal emission within the fire plume can be analyzed using optical flow 

methodology to obtain velocity field within the thermal plume. In this methodology, which 

is often referred to as Thermal Particle Image Velocimetry (TPIV), the hotspots (Thermal 

emission within the fire) are tracked between pair of images. The displacement associated 

with this tracking is then considered as the velocity of that specific point. Clark et al (1999) 

and Zhou et al (2003) developed and deployed TPIV methodology to study fire plume and 

small scale convection dynamics in a crown Fire. Both of these works used gradient-based 

optical flow algorithms to detect and track the hotspot within the flame. Following these 

works, in this section, the feasibility of using more advanced optical flow algorithms, like 

the algorithms described in section 2.1, was studied.  

The dataset that was used in this feasibility study was IR imagery of merging flame, 

while the flames get closer to each other. The dataset is similar to the dataset studied by 

Zhou et al (2003), in which the side view of the propagating laboratory-scale fire was 

captured using the IR camera. 

The experiment consisted of two piles of 400 grams of aspen wood excelsior, which 

were separated 33 cm apart from each other. The two excelsior fuel piles were ignited 

almost simultaneously. As the fire propagated in each of the piles, the flames started to tilt 

(see each other). Experimental setup and flame behavior can be seen in figure 3.4. The 

general purpose of this study was to evaluate the criteria in which the flame tilts and see 

each other. More detailed explanation of the experimental configuration and the result of 

this study can be found in work done by Pham (Pham 2016). For the purpose of evaluating 
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the application of optical flow algorithms for TPIV applications, infrared images were 

captured simultaneously with regular images.  

 
Figure 3.4 Experimental setup to study fire behavior of tilting flames. 

For the evaluation, Farneback, Brox, and TVL1 algorithms were selected for 

comparison. Figure 3.5 shows the process taken for the evaluation. The first row shows 

two consecutive frames a raw signal obtained by FLIR IR camera. The second row shows 

the difference between the two frames of images. Although two raw frames may look 

identical, there are differences, especially in the plume. The third row shows the result of 

deploying the three different optical flow algorithms. Compared to Farneback and Brox 

algorithms, TVL1 algorithm does not provide information on velocity within the fire 

plume. The possible reason could be the fact that TVL1 needs the image to be normalized 

and have a value between 0 and 255. This normalization reduces the number of distinctive 

points. Moreover, comparing Farneback and Brox algorithm, it can be seen that the Brox 
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algorithm provides more detail information of the flow within the plume and surrounding 

hot spots. The reason for this outcome is that Farneback algorithm inherits a Gaussian filter 

for smoothing.  

 
Figure 3.5 Evaluation of optical flow algorithms for TPIV Application 

As discussed earlier, Brox algorithm provided better estimation for velocity field 

associated with thermal plume; thus, Brox algorithm was selected as the flow measurement 

algorithm for TPIV in these datasets.  

After selecting the proper algorithm, TPIV methodology was deployed to analyze how 

flames propagate towards each other (see each other) and start tilting. For visualization 
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purposes and to increase the spatial resolution of the calculated flow, the timeline was 

divided into 6 equally spaced points, and flow was calculated for 15 frames around each 

individual point and averaged. Figure 3.6 shows the result of such process.  

 
Figure 3.6 TPIV results of two merging flames 

The initial findings on deploying optical flow algorithms to TPIV images showed how the 

velocity profile of the flames change as they see each other. More importantly, the objective 

of this study was to evaluate the applicability of optical flow algorithms to LWIR images; 

this dataset not only proved the applicability, but also helped to develop a pipeline for using 

TPIV and optical flow analysis as a tool for understanding fire behavior. 
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3.3 Application of Computer Vision and Background Oriented Schlieren to 

Visualize Convection in a Propagating Wildland Fire 1 

It has long been known that fuel particles can ignite when enough radiative and 

convective heat is transferred to them (Fons 1946). Thus, experimental studies of fire 

propagation in vegetative fuels usually focus on the dynamics of the fire front and thermal 

measurements (Butler et al. 2004; Silvani et al. 2012). Radiative heat transfer has been 

often assumed to be the governing heat transfer mechanism in flame propagation(Albini 

1986). However, recent findings show radiation is often not sufficient by itself (Anderson 

et al. 2010; Morandini and Silvani 2010; Frankman et al. 2010, 2013; Cohen 2015; Finney 

et al. 2015). To understand the dynamics of fire propagation in vegetative fuels, it is crucial 

to include the convective mode of heat transfer. Unlike radiative heat transfer, which can 

be measured using radiative heat flux gauges, no instrument can directly measure 

convective heat transfer. Convective heat transfer can be quantitively calculated by 

measuring total and radiative heat flux using a Schmidt-Boelter sensor (Morandini and 

Silvani 2010). This methodology calculates the heat flux at the surface of the sensor. 

Hence, this method doesn’t provide information on the local velocity field, which governs 

the convective heat transfer. 

Optical methods such as Particle Image Velocimetry (PIV) have been performed to 

quantify the local velocity field and flow structure of the fire environment (Lozano et al. 

 
1 Part of this section are reprinted from Combustion Science and Technology, Aminfar A Cobian-Iñiguez J 

Ghasemian M Rosales Espitia N Weise D and Princevac .M “Using Background-Oriented Schlieren to 

Visualize Convection in a Propagating Wildland Fire”(Aminfar et al. 2019) pages 1-21 copyright 2019  
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2010; Morandini et al. 2012; Maynard et al. 2016). The information provided by PIV is 

limited to the velocity field so it cannot provide a complete picture of thermal convection 

because the temperature is not measured. With the development of infrared imaging, 

thermography methodologies can be used for the temperature mapping inside the fire 

plume (Clark et al. 1999). The combination of thermography and PIV has been used to 

estimate the velocity and temperature profile within the fire plume (Zhou et al. 2003). This 

methodology, known as Thermal Particle Image Velocimetry (TPIV), used hotspots within 

the plume as tracing particles and computed the displacement of such particles to obtain 

the velocity field within the fire plume. Due to the low IR emissivity of gasses TPIV 

measurements were limited to direct tracking of hot particles in the plume, but no direct 

measurements of convective gas motion around the fire are feasible.   

Moreover, the temperature field around the flame fluctuates as a consequence of the 

turbulent nature of the flame(Ho et al. 1976; Butler et al. 2004). These changes in 

temperature lead to density fluctuations that can be visualized by schlieren systems (Wu et 

al. 2000). The common schlieren system, which was introduced by Toepler (1864), needs 

a complex optical system using high precision lenses and mirrors. Wernekinck and 

Merzkirch (1987) tried to reduce the complexity of the schlieren system by calculating and 

analyzing the displacement of laser-generated speckle patterns. Background Oriented 

Schlieren (BOS), and Background Oriented Optical Tomography (BOOT) were invented 

almost simultaneously by Dalzeil (2000) and Meier (1999). In the development of BOS, 

Meier used PIV approach and captured optical distortion of the PIV-like speckled 

background noise. The optical distortion produced a pseudo-PIV with the particle 
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displacement characterizing the distortion. While BOS is actually synthetic background-

distortion schlieren, the BOS acronym is well-established (Settles and Hargather 2017). 

Because of its easy and inexpensive configuration, BOS has become an important tool in 

flow visualization (Meier 2002) and can be used for 2D and 3D reconstruction of the flow 

field. Various methods of BOS using different backgrounds have been developed (Leopold 

2007; Wetzstein et al. 2011; Ota et al. 2011; Bauknecht et al. 2014). The primary results 

from these various methods are visualizations of the flow field, density gradients, and 

density associated with the flow field. 

Schlieren systems and speckle-noise patterns have been used for a wide variety of flow 

imagery applications in different scales , from microvascular flow (Aminfar et al. 2018) to 

flow of a supersonic aircraft (Heineck et al. 2016) and flow visualization around a turbulent 

flame (Schwar and Weinberg 1969; Albers and Agrawal 1999; Mattsson et al. 2004; 

Förster et al. 2016; Brequigny et al. 2018; Choi et al. 2019). Schlieren imagery in fire plume 

applications has been usually deployed to a controlled burner flame rather than vegetative 

fuel beds. Recently Grauer et al. (2018) applied background oriented optical tomography 

and reconstructed the 3D instantaneous refractive index field of a turbulent flame. 

Typically, schlieren images have not been processed to obtain secondary data such as 

velocity fields and important parameters related to the flow structure. These studies did not 

investigate and visualize the hot gas plume behavior when an external flow is present. 

In the present study, convective heat transfer was quantified to help understand its 

effects on pyrolysis and ignition in laboratory and small scales field fires. This 

measurement was part of a larger study that is measuring and modeling pyrolysis of 
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common plant species located in the southern United States(Weise et al. 2018a). The 

experiments were conducted in a low-speed wind tunnel located at the USDA Forest 

Service Pacific Southwest Research Station fire laboratory in Riverside, CA(Lozano 2011; 

Cobian-Iñiguez et al. 2017). The details of the experimental setup and configuration are 

provided in section 3.3.2. Various technique has been used to describe flow fields around 

laboratory fires inside this wind tunnel(Lozano et al. 2010; Maynard and Princevac 2012; 

Maynard et al. 2016), However, since the addition of foreign matter in the present study 

would have affected the gas sampling objective, 2D Background Oriented Schlieren system 

was deployed to visualize hot gases around a turbulent diffusive flame and help to describe 

the flow fields around the fire as it spread in a porous vegetative fuel bed.  Section 3.3.1 

gives a brief background on the BOS system. This section also describes the calculation 

process for flow visualization and velocity calculation. The result and summary of BOS 

analysis are provided in section 3.3.4-3.3.6. Other than the BOS system, other instruments 

such as heat flux sensors and thermocouples were used in the wind tunnel as well. These 

instruments are described in the experimental design section 3.3.2. The results associated 

with these instruments are described in section 3.3.7 and 3.3.8.  

3.3.1 Background  

In this section, assumptions and theories related to BOS are introduced, followed by a 

brief introduction to the computer algorithms deployed for processing BOS data. 
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3.3.1.A Background Oriented Schlieren  

The fundamental principle and governing equation for schlieren flow visualization in 

gases is the Gladstone-Dale equation.(Gladstone and Dale 1863) 

𝑛 − 1 = 𝐾(𝜆) ∙ 𝜌,         (3.1) 

where 𝑛 is the refractive index of the medium which is linearly proportional to the 

density of the medium 𝜌. The proportionality constant, 𝐾(𝜆), is known as the Gladstone-

Dale constant and is a very weak function of temperature and is a function of the 

wavelength 𝜆 and the chemical composition of the medium (Gladstone and Dale 1863). 

For air, 𝐾(𝜆) is usually taken to be 0.23 ∙ 10−3(𝑚3/𝑘𝑔). Fig. 1, shows a simple setup of 

Background Oriented Schlieren configuration. 𝑍𝐷 is the distance of the inhomogeneous 

field from the background noise pattern. 𝑍𝐵 is the distance of the camera lens from the 

background. 𝜖𝑦 represent the deflection angle. 𝐿 is the depth of the inhomogeneous flow 

field, 𝑓 is the focal length of the camera, Δ𝑦′ is the displacement in the camera sensor plane 

and Δ𝑦 is displacement in the background plane. 
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Figure 3.7 Simple schematic of BOS configuration.  

In the configuration, such as the ones represented by Figure 3.7, The image of the 

background noise patterns does not get distorted when there is a homogenous density field 

between the pattern and the camera. However, if there is a density gradient 

(inhomogeneous field) when light encounters the density gradient fields, it deflects with 

the deflection angle, 𝜖𝑦. The camera sensor records the deflection as displacement Δ𝑦′. 

The displacement, Δ𝑦′ can be measured by comparing the background image with and 

without the inhomogeneous field. According to schlieren theory(Wey 1954; Settles 2001), 

𝜖𝑦 is a line integral of the reflective index gradient 𝜕𝑛/𝜕𝑦 along the optical axis 𝑧. For a 

planar 2D BOS, the refractive gradient is assumed to be constant along the 𝑧 axis. The 

Schlieren equation can be written as 

𝜖𝑦 =
1

𝑛
∫
𝜕𝑛

𝜕𝑦
𝑑𝑧 =

𝐿

𝑛∞
(
𝜕𝑛

𝜕𝑦
)         (3.2) 

where 𝐿 is the depth of the inhomogeneous medium, and 𝑛∞ is the refractive index of 

the ambient air. From figure 3.7  
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attern  
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𝜖𝑦 
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tan(𝜖𝑦) =
Δ𝑦

𝑍𝐷
=

Δ𝑦′

𝑍𝐵
∙ 𝑓         (3.3) 

assuming that the deflection angle is small (𝜖𝑦 ≅ tan (𝜖𝑦)), equations 3.2 and 3.3 are 

combined to give: 

Δ𝑦′ = 𝑍𝐷
𝑓

𝑍𝐵

𝐿

𝑛∞
(
𝜕𝑛

𝜕𝑦
)         (3.4) 

Δ𝑦 = 𝑍𝐷
𝐿

𝑛∞
(
𝜕𝑛

𝜕𝑦
)         (3.5) 

Values of 𝐿, 𝑛∞, 𝑍𝐷 , 𝑓, 𝑍𝐵 are constant and depend only on the configuration of the 

experimental setup. Applying the Gladstone-Dale principal (equation 3.1), to equations 3.4 

and 3.5, results in  

𝜕𝜌

𝜕𝑦
=

𝑛∞𝑍𝐵

𝐾(𝜆)∙𝑍𝐷∙𝑓∙𝐿
Δ𝑦′ = 𝐺1 ∙ Δ𝑦

′       (3.6) 

𝜕𝜌

𝜕𝑦
=

𝑛∞

𝐾(𝜆)∙𝑍𝐷∙𝐿
Δ𝑦′ = 𝐺2 ∙ Δ𝑦       (3.7) 

where 𝐺1 and 𝐺2 are constants which depend on the setup configuration and the 

Gladstone-Dale constant. The simplifications introduced in equation 3.6 and 3.7 are based 

on the assumption the changes in density gradient are more significant than changes in the 

Gladstone-Dale constant (𝐾(𝜆)/𝜕𝑦 ≪ 1). 

Combining equations 3.6 and 3.7 with using the common linear variation in density 

with temperature (𝜌 = 𝜌0[1 + β(𝑇 − 𝑇0)] where 𝛽 is the thermal expansion coefficient, it 

can be shown that: 
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𝜕𝑇

𝜕𝑦
= 𝐶1 ∙ Δ𝑦

′          (3.8) 

𝜕𝑇

𝜕𝑦
= 𝐶2 ∙ Δ𝑦          (3.9) 

where 𝐶1 and 𝐶2 are constants which depend on the setup configuration, 𝐾(𝜆) and 𝛽.  

Since this method visualizes density gradients, it directly leads to the visualization of 

baroclinicity(de Ris 2013).  

3.3.1.B Displacement calculations   

As shown in equation 3.6, the density gradient for every pixel is obtained by calculating 

displacement (Δ𝑦′) between the distorted and undistorted images. Displacement vectors 

can be derived using common cross-correlation algorithms developed primarily for PIV 

applications. Common open-source software is OPEN-PIV (Taylor et al. 2010). PIV cross-

correlation algorithms result in loss of resolution, especially when higher BOS sensitivity 

requires a bigger integration window (Venkatakrishnan and Meier 2004). 

As mentioned in section 2.1, in computer science, the calculation of the displacement 

vectors from a pair of images is commonly referred to as optical flow estimation. Atcheson 

et al. (2009) compared optical flow algorithms with cross-correlation algorithms for BOS 

flow visualization and  found that optical flow algorithms significantly increased the 

resolution of BOS. Settles and Hargather (2017) concluded although  image cross-

correlation processing is more straightforward, optical flow algorithms are preferable due 

to a better resolution. Horn-Schunck (1980) and Lucas–Kanade (1981) are the two most 

common optical-flow algorithms used. In this study, in addition to the Horn-Schunck and 
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Lucas–Kanade algorithms , more complex optical flow algorithms which were described 

in section 2.1, such as Farneback's algorithm (2003), Brox algorithm (2004) and TV-L1 

algorithm(Zach et al. 2007), were applied to the BOS dataset. Usually, optical flow 

algorithms are computationally expensive; making real-time imaging almost impossible 

(Settles and Hargather 2017). However, the computational speed of optical flow algorithms 

can be improved significantly by developing an optical flow algorithm on a GPU 

architecture, such as the Nvidia CUDA platform. In this study, all the optical flow 

algorithms, except for Horn-Schunck, were developed using Nvidia’s CUDA platform for 

faster computation. 

3.3.2 Experimental setup  

The measurements described in this section are part of a larger study that is measuring 

and modeling pyrolysis of common plant species located in the southern United 

States(Weise et al. 2018a). As part of this larger study, pyrolysis gases were measured in 

association with a series of fires performed in a wind tunnel. The wind tunnel was the main 

element of the experimental setup. This low-speed wind tunnel has a fan which is driven 

by 1hp electric motor, which is connected to a micro inverter which controls the wind speed 

with an output frequency. The fuel bed was 2𝑚 long with a width of 0.8 𝑚 width. The 

wind tunnel utilized the experiments to be performed with and without wind. The wind is 

measured at approximately 30 cm above the fuel bed. To create a reproducible flame front, 

longleaf pine needles were uniformly distributed to provide a porous fuel bed. Small 

nursery plants were interspersed in the second meter of the fuel bed. More detail 
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explanation of the fuel bed configuration is provided in the experimental configuration and 

treatment section (section 3.3.3). Figure 3.8 shows the model of the wind tunnel. 

 

Figure 3.8 3D model of the wind tunnel 

Instruments were deployed to the wind tunnel to initially capture, measure and 

characterize pyrolysis products from the live plant and furthermore, quantify and evaluate 

the effects of heat transfer mechanism on the pyrolysis products. The devices that were 

used for pyrolysis product sampling was a Bruker Tensor T37, Bruker OPAG-22, and 

TELOPS. In addition to these live sampling instruments, an array of 9 stainless steel tubes 

were inserted vertically into the fuel bed. these tubes were used to pump the gases into the 

canisters. The canisters were later analyzed offline using gas chromatography technique  

In addition to the gas sampling instruments described, the mass of a single plant, 

temperature and the relative humidity of the wind tunnel was measured. Moreover, total 
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and radiant heat fluxes at the top of the fuel bed were measured using a Medterm Schmidt-

Boelter sensor. The description of these set of instruments are followed 

3.3.2.A Mass measurement of a single plant 

It is important to have a quantitative understanding of the mass loss rate of live 

nursery plants. Because the amount of mass lost during the pyrolysis process can be 

correlated to pyrolysis products. Moreover, the mass-loss rate can also be used to describe 

the heat transfer effects on the pyrolysis process. To measure the mass of single live nursery 

plant, a high precision scale is required to record the mass of the plant with high temporal 

resolution. The scale used had 1 mg resolution and 6hz sampling rate. A sample of potted 

nursery plant was placed with care on top of the scale. Because of the high sensitivity of 

the scale, it was important to make sure that the plant-scale system was not affected by any 

other foreign objects (i.e., longleaf pine needle and surrounding plants). A model for the 

scale-plant setup is demonstrated in figure 3.9 
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Figure 3.9 Schematic of Nursery Plant- Scale System 

3.3.2.B Radiant and Heat flux measurements  

The importance of heat transfer has been already emphasized. As mentioned, although 

there is no instrument which can directly measure radiative and convective heat transfer, 

convective heat transfer can be quantitively calculated by measuring total and radiative 

heat flux using a Schmidt-Boelter sensor. Two Schmidt-Boelter sensors were placed before 

and after the plant-scale system. figure 3.10 shows the position of these instruments 

Plant 

Longleaf Pine needle 
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Figure 3.10 Schematic of Schmidt-Boelter & Radiometer System 

The Schmidt Boelter gauges absorb the heat at one surface and transfer the heat in the 

normal direction to the absorbing surface. The voltage output of the sensor is generated by 

a thermopile, which it responds to the difference in temperature of the surface and plane 

beneath the surface. The radiometer on the sensor consists of a purged radiating transmitted 

window. The voltage output of the radiometer corresponds to the radiation on the surface 

of the sensor. 

To calculate total and radiative heat flux of the sensor, the gauges are calibrated. The 

calibration equation for the Medtherm gauges used in this system is provided as: 

𝑄 = 𝐴𝑉𝐵          (3.10) 

Schmidt-Boelter & Radiometer 

Fin 
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Here 𝑉, is the voltage output, 𝐴 and 𝐵 are constants defined in table 3.2. The unit of 𝑄 

in this equation is 𝑘𝑊/𝑚2. The sensors are connected to Campbell scientific CR3000 

datalogger, to log and record the voltage difference in real-time.  

Table 3-2 Calibration constants used in equation (3.10) 

Sensor type Location A B 

Radiometer Before scale-setup 5.582660 1.064960 

Total (Schmidt-

Boelter) 
Before scale-setup 7.430203 1.059662 

Radiometer After scale-setup 6.177155 1.076644 

Total (Schmidt-

Boelter) 
After scale-setup 7.900974 1.0660964 

3.3.2.C Thermocouple system  

A system of K-type thermocouples was created to mimic temperature profile around a 

single plant. The image of such thermocouple system is demonstrated in figure 3.11 
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Figure 3.11 Thermocouple tree system 

In the last phase of the experimental configurations, the thermocouple tree system was 

replaced with 14 thermocouples, which were scattered through the fuel bed. The 

configuration of this thermocouple setup can be seen in figure 3.12. This configuration 

created the opportunity to record the temperature of the gases at the moments that they 

were analyzed by the FTIR system 
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Figure 3.12 configuration of the thermocouple system for last phase The blue circle 

represents the thermocouple location and the green circle shoes the plant-scale setup 

3.3.2.D IR imaging 

A longwave infrared camera (LWIR) was mounted on top of the wind tunnel to provide 

the top-view temperature and IR emission mapping of the fuel bed. A sample of the IR 

emission map is seen in figure 3.13: 
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Figure 3.13 a) IR camera position ,b) IR image Sample 

  

a 

b 
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3.3.2.E BOS System  

The BOS system was constructed as an addition to the tunnel. A simple random noise 

function generated the background patterns on transparent paper which were placed on a 

lightbox for illumination. Images were captured using a DSLR camera with a frame rate of 

60 frames per second. To capture image distortion, the camera was focused manually on 

the background noise pattern, and the camera frame was adjusted to maximize the amount 

of the noise background seen. Figure 3.14-a shows a schematic of the simple BOS system 

in the low-speed wind tunnel. Figure 3.14-b shows an image obtained by the camera. Note 

the small portion of the fuel bed that was visible.  

 
Figure 3.14 Simple schematic experimental setup. (a) The experimental setup inside 

the low-speed wind tunnel (b) the image captured by the camera  

In order to estimate density gradients, it is also necessary to measure the distances 

required for the calculation of constant 𝐺1 and 𝐺2 in equations 3.6 and 3.7. These distances 

Long leaf Pine Needle Fuel bed 

Fan 
Noise Background  

Fire 

Camera  

a 

b 
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and other needed parameters are summarized in Table-3.3. One should keep in mind that 

these values are dependent on the experimental condition (i.e. 𝑛∞, 𝐾(𝜆)) and experimental 

setup (i.e. 𝑍𝐷 , 𝑓, 𝐿). Once 𝐺1 and 𝐺2 are known, 𝐶1 and 𝐶2 can be calculated by knowing 

the value 𝛽, which for gases is 1/𝑇∞, where 𝑇∞ is the ambient temperature. Also included 

in table 3.3 is camera Pixel Size which is necessary for calibrating displacement, Δ𝑦′, in 

equation 3.6. 

Table 3-3. Properties used to calculate 𝐺1 in equation 3.6  

Property Value 

𝑛∞ 1.0023 

𝑍𝐷 3.28𝑚 

𝑓 0.2𝑚 

𝐿 0.6 𝑚 

𝐾(𝜆) 0.23 ∙ 10−3 (𝑚3\𝑘𝑔) 

Camera Pixel Size 3.92 ∙ 10−6 𝑚 

3.3.3 Experimental configurations and treatments  

A total of 97 fires were burned and data was collected for BOS and other instruments. 

Forty-two fires had no wind and fifty-five had an imposed wind. The mean fuel moisture 

content of the longleaf pine needles was 9.5 ± 0.2 and 10.4 ± 0.3 percent for the wind and 

no wind fires, respectively. The rate of spread was 12.4 ± 0.5 𝑚𝑚/𝑠 and 5.3 ± 0.1 𝑚𝑚/𝑠 
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for the wind and no wind fires respectively. The experiments were divided into three 

phases. The detail of each phase is followed  

In the first phase, which was the experiments done between November 10th, 2017 to 

November 18th, 2017, Total of 37 2experiments were done. In this set of experiments, the 

ambient conditions were the same as the ambient condition of the building. Out of the total 

of these 37 experiments, 28 were done without the wind, and the remaining experiments 

were with the external wind of 0.44𝑚/𝑠. In this phase, 13 different experimental 

configurations were analyzed. Table 3.4 shows information regarding these configurations 

 
2 This number corresponds to number of experiments recorded from various Instruments.  
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Table 3-4 Experimental configurations for phase 1 of the study 

Live Nursery Plant 

Weight of 

Longleaf 

Pine needle 

Number of 

experiments 

Number of 

live nursery 

plants 

Wind condition Notes 

Inkberry (Ilex 

glabra (L.) A. Gray) 
800 𝑔 3 41 No Wind   

Inkberry (Ilex 

glabra (L.) A. Gray) 
800 𝑔 3 24 No Wind   

Inkberry (Ilex 

glabra (L.) A. Gray) 
1000 𝑔 2 24 0.44 𝑚/𝑠 wind   

Inkberry (Ilex 

glabra (L.) A. Gray) 
1000 𝑔 2 41 0.44 𝑚/𝑠 wind   

Inkberry (Ilex 

glabra (L.) A. Gray) 
1000 𝑔 4 24 No Wind   

Inkberry (Ilex 

glabra (L.) A. Gray) 
1000 𝑔 4 41 No Wind   

Inkberry (Ilex 

glabra (L.) A. Gray) 
1000 𝑔 2 34-47 No Wind   

Inkberry (Ilex 

glabra (L.) A. Gray) 
1000 𝑔 3 34-47 0.44 𝑚/𝑠 wind   

Fetterbush Lyonia 

lucida (Lam.) K. 

Koch 

1000 𝑔  4 30 No Wind  Elevated 

plants 

Darrow’s blueberry 

Vaccinium darrowii  
1000 𝑔  2 30 No Wind   

Fetterbush& 

Darrow’s blueberry 
1000 𝑔 2 31 No Wind Elevated 

plants 

 1000 𝑔 2  0.44 𝑚/𝑠 wind  

 800 𝑔 4  No Wind  

 

As can be seen from Table 3.4, in most of the experiments, the weight of the pine was 

1000 𝑔.The main reason for the increase was to have better fire propagation.  

In the second phase, which was the experiments done between February 22, 2018, and 

March 1st, 2018, a total of 23 experiments were done. In this phase, in contrast with the 

previous phase, the air was conditioned to mimic the wintertime in the southern united 

states; thus, the air was kept at 4℃ with a relative humidity of (40%). In all these 

experiments, the wind speed was set to be 0.8𝑚/𝑠. In this phase, four different 



55 

experimental configurations were analyzed. Table 3.5 shows information regarding these 

configurations 

Table 3-5 Experimental configurations for phase 2 of the study 

Live Nursery Plant 

Weight of 

Longleaf 

Pine needle 

Number of 

experiments 

Number of 

live nursery 

plants 

Wind condition 

Fetterbush Lyonia 

lucida (Lam.) K. 

Koch 

1000 𝑔 7 54 0.8 𝑚/𝑠 wind 

Darrow’s blueberry 

Vaccinium darrowii 
1000 𝑔 5 54 0.8 𝑚/𝑠 wind 

Fetterbush& 

Darrow’s blueberry 
1000 𝑔 6 54 0.8 𝑚/𝑠 wind 

 1000 𝑔 5  0.8 𝑚/𝑠 wind 

 

In the third phase, which was the experiments done between October 30th, 2018 and 

November 2nd, 2018, a total of 24 experiments was done. In this phase, except for one set 

of the data, the air was not conditioned at it was kept the same as the ambient room 

condition. In all of these experiments, the wind speed was set to have a value of 0.4 𝑚/𝑠. 

In this phase, four different experimental configurations were analyzed. Table 3.6 shows 

information regarding these configurations 
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Table 3-6 Experimental configurations for phase 3 of the study 

Live Nursery Plant 

Weight of 

Longleaf 

Pine 

needle 

Number of 

experiments 

Number of live 

nursery plants 
Wind condition 

Fetterbush Lyonia 

lucida (Lam.) K. 

Koch 

1000 𝑔  8 74 0.44 𝑚/𝑠 wind 

Sparkleberry 

Vaccinium 

arboreum Marshall 

1000 𝑔  8 74 0.44 𝑚/𝑠 wind 

Inkberry (Ilex 

glabra (L.) A. 

Gray) 

1000 𝑔 6 74 0.44 𝑚/𝑠 wind 

 1000 𝑔 2  0.44 𝑚/𝑠 wind 

 

3.3.4 BOS Data Analysis  

3.3.4.A Flow Visualization 

In the first step, we applied the optical flow algorithms that were discussed in section 

2.1. The displacement was calculated by comparing the images of a distorted and 

undistorted background. The blue channel of the three-channel (RGB) DSLR camera 

image showed less detail of the flame itself, leading to a greater number of meaningful data 

points. The optical flow algorithms estimated the displacement in 𝑥 and 𝑦 directions 

(Δ𝑥, Δ𝑦) , which were related to 𝜕𝜌/𝜕𝑦 and 𝜕𝜌/𝜕𝑥 using equation 3.6. For visualization 

purposes, the magnitude of the density gradient vector ∇𝜌 was calculated and visualized in 

Figure 3.15. The first row shows the raw image of the flame and the undistorted reference 

frame. The second row shows red, green and blue channels of both images. The third row 

demonstrates the calculated magnitude of the density gradient vector ∇𝜌 using different 
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optical flow algorithms and block matching algorithm. From the images, the Farneback 

algorithm produces a smoother visualization with less noise compared to all other 

algorithms.  

 
Figure 3.15 Imagery, color channels (red, green, blue) and calculated magnitude of 

density gradient for different optical flow algorithms 
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3.3.4.B Density Gradient Image Velocimetry  

Quantitively the visualizations developed in the previous section provide data on the 

density gradient and do not provide information about the velocity structures of the flow 

field. Since velocity is crucial to understand the flow behavior in different conditions, 

velocimetry techniques which use BOS have been proposed (Bühlmann et al. 2014; Xue et 

al. 2014). Bühlmann et al. (2014) suggested that “PIV analysis” of the BOS displacement 

field (using density gradient data as tracing particles) could be performed to estimate local 

convective velocities spatially. Most of the velocities obtained by “PIV-analysis” of the 

displacement field represent the velocities of the bigger structures of the flow field with no 

details at small scale due to the lack of resolution (Raffel 2015). One main reason for this 

lack of resolution is that the “PIV analysis” commonly uses a block matching algorithm 

for its calculation. Since optical flow algorithms have a higher spatial resolution, they were 

applied to the displacement data set. Since density gradient data has been traced, we refer 

to this methodology as Density Gradient Image Velocimetry (DGIV). Furthermore, the 

density gradient data were vectors. Thus, calculation of the displacement vectors required 

a separate displacement calculation for each vector component.  

As in density gradient calculation, algorithms that are sensitive to all the scales of 

motion are required. As discussed in section 2.1.3, this group of optical flow algorithms 

uses a multiresolution coarse-to-fine algorithm called an image pyramid. An image 

pyramid is made by repeatedly downsampling an image by a given factor. This factor can 

have any value smaller than one and depends on the image size and the sensitivity of the 

deployed algorithm. The optical flow is found on the smallest image in the pyramid and is 
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used to unwarp the next smallest image. Interpolation is used for the fractional pixel 

locations. This process is then iterated until reaching the original image resolution 

(Anandan 1989). Brox, TV-L1, and Farneback algorithms incorporate this procedure. We 

used the Brox algorithm because of it damped high-frequency spurious errors. 

Figure 3.16 demonstrates the procedure of vector field computation. The top left box 

shows the two consecutive raw images of the flame and the density gradient field computed 

using the Farneback algorithm. The top right plot shows the velocity vector field calculated 

using the Brox optical flow algorithm applied to the density gradient field. The bottom box 

shows magnification of the four boxed areas from the vector field superimposed on the 

density gradient magnitude. 
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`  

Figure 3.16 Illustration of vector field calculation procedure 

3.3.4.C Estimation of Convective Heat Transfer using BOS  

The density gradient data and the velocity vectors could be used to estimate density, 

temperature, and subsequently convective heat transfer. However, this methodology is 

computationally expensive. Since convective heat transfer is generally related to the 
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turbulent motion in the flow field, visualization of the turbulent structure could provide 

information on convective heat transfer.  Following this idea, Hargather and Settles (2011) 

proposed a new method of processing BOS images. They suggested processing of two 

different flow field images relative to one another instead of comparing a disturbed and 

undisturbed image of the noise background. This procedure reveals only the changes 

caused by fluctuation in the refractive flow field between the two images. Hargather and 

Settles further suggested that this technique visualized the turbulent part of the thermal 

plume. Using Hargather and Settles (2011) rational, we propose a methodology to correlate 

fluctuations in the flow field to convective heat flux. Rewriting equation 3.2 as   

𝜖𝑦 =
1

𝑛
∫
𝜕𝑛

𝜕𝑦
𝑑𝑧 = −

𝐿∙𝜌∞∙β∙K(λ)

𝑛∞
(
𝜕𝑇

𝜕𝑦
)      (3.11) 

Equation 3.11 shows that the deflection angle is correlated to the temperature gradient. 

According to Fourier's law heat flux is caused by a temperature gradient, therefore here we 

rewrite Equation 3.11 as  

𝜖𝑦 =
1

𝑛
∫
𝜕𝑛

𝜕𝑦
𝑑𝑧 =

𝐿∙𝜌∞β∙K(λ)

𝑛∞
∙
𝑞𝑦

𝑘
       (3.12) 

Here 𝑘 is the thermal conductivity and 𝑞𝑦 is the heat flux density in the 𝑦 direction. In 

this way (Equation 3.12) we related heat flux to the deflection angle. When convective heat 

transfer is present, heat flux density 𝑞 can be written as: 

𝑞

𝑘
= −∇𝑇 −

1

𝛼
∙ 𝑢′⃗⃗  ⃗𝑇′̅̅ ̅̅ ̅̅

         (3.13) 



62 

Here 𝛼 is the thermal diffusivity and 𝑢′ and T’ are velocity and temperature 

fluctuations. The additional term represents the heat transfer caused by turbulent 

convection. Considering only convection, −∇𝑇 can be ignored resulting in equation 3.13. 

𝜖𝑦 =
1

𝑛
∫
𝜕𝑛

𝜕𝑦
𝑑𝑧 = −

𝐿∙𝜌∞∙β∙K(λ)

𝛼∙𝑛∞
𝑢′𝑇′̅̅ ̅̅ ̅̅ = −

𝐿∙K(λ)

𝛼∙𝑛∞
𝑢′𝜌′̅̅ ̅̅ ̅ = −

𝐿

𝛼∙𝑛∞
𝑢′𝑛′̅̅ ̅̅ ̅̅   (3.14) 

Equation 3.15 demonstrates that when a light ray travels in the 𝑧 direction and intersects 

a region of convective flow, the light will bend. This is the same phenomenon where an 

optical wave propagating through a medium experience irradiance (intensity) fluctuations 

also known as optical turbulence. Combining equation 3.14 with Hargather and Settles 

(2011) methodology and applying the same steps used to developing equations 3.6 and 3.7, 

convection can be correlated to calculated displacement vectors as  

𝑢′𝜌′̅̅ ̅̅ ̅ = −
𝛼∙𝑛∞𝑍𝐵

𝐾(𝜆)∙𝑍𝐷∙𝑓∙𝐿
Δ𝑦′ = −𝛼 ∙ 𝐺1 ∙ Δ𝑦

′      (3.15) 

𝑢′𝜌′̅̅ ̅̅ ̅ = −
𝛼∙𝑛∞

𝐾(𝜆)∙𝑍𝐷∙𝐿
Δ𝑦′ = −𝛼 ∙ 𝐺2 ∙ Δ𝑦      (3.16) 

It has to be noted that displacements in equation 3.15 and 3.16 are calculated by comparing 

two consecutive frames of BOS image.  

3.3.5 Data Processing result for a single experiment  

Applying the procedures described above, the thermal plume derived velocity field, 

and estimated convective flux for flames subjected to two wind conditions are presented. 
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3.3.5.A Visualization of the Thermal Plume of Propagating flame  

For the flow visualization, 11,600 images were processed for a single burn. Since it is 

not feasible to show all these data, six images are shown in figure 3.17 for a no wind fire. 

For better understanding and visualization, all raw and processed images were combined 

in video files (Supplemental files video 1 (no wind) and 2 (wind)). In the images the flame 

propagated from right to left; however, image 1 occurred in the time before image 2. For 

visualization purposes, all calculated properties were normalized to have a value between 

0 and 255 in the video files.  Due to the slow rate of spread of the flame, 100 to 200 seconds 

after ignition, the flow was seen moving from left to right. This flow was caused by natural 

entrainment of air towards the flame. As the flame entered the field of view, the thermal 

plume associated with the flame could be seen. Looking closely at the flame in the left 

image, the noise patterns around the flame flickered and moved. The optical flow algorithm 

captured this distortion to the visualize the thermal plume. When the fire left the field of 

view around 250 seconds after ignition, air entrainment towards the plume could be 

visualized again. Also, the heat flux from non-combustible ash from the burned pine 

needles caused as small thermal plumes. 

In the second experimental set, the external wind speed was set to 0.44 𝑚/𝑠. Video 2 

and figure 3.17-b demonstrate the results of these experimental set. The initial frames of 

video 2 occur before the ignition time. Shortly after ignition, the thermal plume ahead of 

the flame became visible for 60 seconds until the flame reached the field of view. The 

direction of the thermal plume was in the same direction as of the wind but as the flame 

approached the field of view, the thermal plume was more aligned with the direction of the 
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flame due to the strong buoyancy force. Even though, Byram’s convective number (Nelson 

1993; Weise et al. 2018b) for this case was calculated to be 67 , which indicates the 

presence of high radiation power, BOS visualized a strong convective flow ahead of the 

flame. After 141 seconds from the ignition, as the flame passed the field of view, the wind 

was visualized. Since the ashes from the burnt fuel had higher temperatures than the 

ambient wind, a turbulent thermal boundary layer formed behind the flame. 
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Figure 3.17 six snapshots of fire propagation in a vegetative fuel bed. (a) without the 

presence of wind (b) when an external wind of 𝑢 = 0.44 𝑚/𝑠 is present 

a 

b 
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3.3.5.B Velocity Profile of Propagating Flame 

The results of applying the DGIV algorithm to the images in figure 3.17 can be seen in 

figures 3.18 (no wind) and 3.19 (with wind). These images provide a general representation 

of the velocity field as the fire propagated in the fuel bed. The velocity profile was also 

evaluated along a vertical transect (black lines) that were selected to give a general 

understanding of the velocity vectors relative to flame location. With DGIV, if there was 

no density gradient no fluid motion of the fluid could be detected.  

When no wind was present, the fire was buoyancy-driven, and the main motion of the 

thermal plume was upward. Because of baroclinic vorticity, vortices were generated next 

to the flame. These phenomena can be seen in the velocity vectors. The transect velocities 

in image one and two show the buoyancy-driven upward motion of hot gases in front of 

the fire. In the third and fourth image, the transects were located inside the plume. The 

velocity vectors showed a strong upward motion of the plume as well as the horizontal 

motions caused by baroclinic vorticity and turbulent convection. The transect velocities in 

the fifth and sixth images show velocity vector on the lee side of the fire plume. 
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Figure 3.18 Velocity vector field of fire propagating in vegetative fuel when no wind 

is present 
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Figure 3.19 showed the fire propagation when 0.44 m/s wind was present. Under this 

condition, also known as wind-driven fire, the direction of motion of the thermal plume 

was more horizontal and aligned to the direction of the wind. The velocity vectors captured 

the effect of wind, especially, before flame entered the field of view. The transect vectors 

in the first three images show the motion of the wind-driven fire ahead of the flame before 

the flame entered the field of view. In image 4, the velocity transect was located a short 

distance ahead of the flame. The transect vectors demonstrated the combination of vertical 

motion due to buoyancy and horizontal motion caused by the wind. In image 5, the transect 

was at the close distance before the plume.  The vectors captured the combination of 

horizontal entrainment caused by the wind, along with buoyant motion cause by hot 

remaining ashes.  In Image 6 the transect vectors were further removed from the flame and 

they captured the horizontal wind motion close to the surface.  
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Figure 3.19 Velocity vector field of wind-driven fire. 
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3.3.5.C Measurement of Convective Heat Transfer 

Applying the model developed in equation 3.15 and 3.16 to the dataset of the 

propagating flame, convective heat flux can be calculated assuming 𝑞 = 𝑇∞𝑐𝑝𝑢′𝜌′̅̅ ̅̅ ̅̅  . Where 

𝑇∞  is ambient temperature and 𝑐𝑝 is specific heat of air. Figure 3.20 illustrates the 

convective heat flux derived from figure 3.17. When no wind was present the convective 

heat transfer structures were closer to the flame itself. In the wind-driven fire, convection 

was ahead of the flame. Convective heat transfer increased as distance to the flame 

decreased. The calculated value shown in figure 3.20, demonstrates the convective 

preheating of the fuel bed. These values are based on various assumptions such as the 

convective profile is constant in line of sight axis (𝑧 axis in figure 3.7). Nevertheless, the 

presented methodology visualizes the convective heat transfer ahead of the fire and it can 

be used to understand the effect of wind on preheating of the fuel bed.  
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Figure 3.20 . Convective heat transfer around a fire propagating in a vegetative fuel 

bed. (a) without the presence of wind (b) when the external wind of 𝑢 = 0.44 𝑚/𝑠 is 

present 

In the previous section, the thermal plume and velocity vectors associated with the fire 

was visualized and calculated. Furthermore, our purposed methodology which was 

introduced in section (3.3.4.C) was deployed to visualize and estimate convective heat 

transfer of hot gases around the flame using consecutive BOS images. It has been seen that 

wind forces the thermal plume ahead of the flame. The presence of convective eddies ahead 

of the flame enhances preheating of fuel. To quantitively understand the effect of wind on 

thermal convection, the convective heat flux profile was analyzed in three different 

distances from the flame. Moreover, in addition to the experimental sets presented in 

section 3.3.5.A, a third case is also introduced, in which the wind speed is increased to 

1 𝑚/𝑠  and the ambient temperature is reduced and kept at 4.4 ℃. For this comparison, 

a b 
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images with approximately the same flame geometry were compared. The selected frames 

along with the density gradient profile and convective heat flux profile can be seen in figure 

3.21. The calculated values on these lines can be seen in figure 3.22.  

 
Figure 3.21Comparison of thermal plume around the fire in different wind condition. 

Each column represents the wind condition. The first row is the raw frame of the image. 

the second row is the magnitude of the density vectors, and the third row is the measured 

convective heat flux. The vertical red line is approximately 3.375 cm, the green line is 

approximately 13.5 cm, and the blue line is approximately 21.477 cm ahead of the flame 

It can be seen from figures 3.21 and 3.22, for approximately the same flame geometry, 

the presence of wind increases convective heat flux. Moreover, higher the wind speed, 

more area the convective thermal plume ahead of flame covers. 
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Figure 3.22 evaluation of convective heat flux on red, Green and Blue line in figure 

3.21. It can be seen heat flux decreases farther away from the flame. Also, it can be seen, 

higher the wind speed higher the heat flux is ahead of the fire  
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BOS is based on the fact that hot gases around the fire plume have different density 

compared to the surrounding fluid. These fluctuations cause changes in the refractive 

index, which is the reason for the background image to get distorted. When applying BOS 

to reacting flow, the changes in density is not solely caused by changes in temperature. The 

products of the combustion reaction are gases that have a different density than air. 

Therefore, since the exact compositions of gases are unknown, it was more relevant to 

analyze the density gradient and fluctuations rather than changes in temperature. In reactive 

flows, it is a good assumption that when comparing two consecutive frames of images, 

turbulent mass and heat transfer are equal. Development of equation 3.14 is based on this 

assumption. 

3.3.5.D Flow Visualization and convection measurement for Live Vegetative Fuel 

Beds. 

As it was indicated in the previous sections, small nursery plants were interspersed 

across the fuel bed. The plants used in these experiments were from southern united states 

and from Lyonia, Vaccinium and Ilex species. The experiments were done with and 

without the presence of external wind. As the fire propagated through the fuel bed, the BOS 

system was able to capture density variations ahead of the flame front by comparing 

distorted and undistorted background images. Comparison two consecutive frames of 

images helped to understand convective behavior of the thermal plume. 

For the first set, inkberry (Ilex glabra) was distributed in the pine needle fuel bed. 

Figure 3.23 shows the result of BOS imagery of Inkberry. The red dotted region identifies 

the plant location. Since the plants are small, its foliage was buried under the pine needle 
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fuel bed. The ambient temperature was 25℃ with a dew point of 6℃. The wind speed was 

kept at 0.44 𝑚/𝑠.  

 
Figure 3.23 Visualization of the thermal plume and convective plume around the fire. 

The live fuel is Inkberry (Ilex). The first row represents the cases without the presence of 

external wind and the second row shows the case were 0.44 m/s wind was present. The red 

dotted line shows the plant location. 
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In the second set, Darrow’s blueberry (Vaccinium darrowii Camp) was distributed in 

the pine needle fuel bed. In the no-wind case, the ambient temperature was 27℃ with a 

dew point of 9℃. In the presence of external wind of 0.66 𝑚/𝑠 the ambient temperature 

was set to 4℃ with a dew point of -9℃. Compared to Inkberry, blueberry had taller foliage 

resulting in some branches to be higher than the pine needle fuel bed. Figure 3.24 shows 

the result of BOS imagery of blueberry. 
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Figure 3.24 Visualization of the thermal plume and convective plume around the fire. 

The live fuel is Blueberry (Vaccinium). The first row represents the cases without the 

presence of external wind and the second row shows the case were 0.8 m/s wind was 

present. The red dotted line shows the plant location. 
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In the third set, Fetterbush (Lyonia lucida) was distributed in the pine needle fuel bed. 

In the no-wind case, the ambient temperature was 27℃ with a dew point of 9℃. In the 

presence of external wind of 0.8 𝑚/𝑠 the ambient temperature was set to 4℃ with a dew 

point of -9℃. Compared to Inkberry, blueberry had taller foliage resulting in some branches 

to be higher than the pine needle fuel bed. Figure 3.25 shows the result of BOS imagery of 

Fetterbush. 
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Figure 3.25 Visualization of the thermal plume and convective plume around the fire. 

The live fuel is Fetterbush (Lyonia). The first row represents the cases without the presence 

of external wind and the second row shows the case were 0.8 m/s wind was present. The 

red dotted line shows the plant location. 
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From figures 3.23-3.25 it can be seen that wind pushes the thermal plume ahead of the 

flame. This phenomenon can be seen especially with higher wind speed and lower ambient 

temperature. When no external wind is present, small changes and variation in density 

gradient around the plant’s foliage can be seen. This phenomenon could result in processes 

such as preheating of the foliage and also release of pyrolysis products, both phenomena 

cause the density of the gases surrounding the live species to change. 

3.3.6 Summary of results for all experimental configuration 

In section 3.3.5, the process and results for understanding flow behavior for a single 

experiment was described. This procedure gave a good understanding of the flow behavior 

around the fire with and without the presence of external wind, and how potentially live 

shrubs would have affected the flow field. These findings were a great methodology for 

understanding the flow field. However, having around 11,600 images for each burn and 

around 1,125,200 total high-resolution images made it necessary to develop a data analysis 

paradigm. This process made it possible to develop a correlation between different 

experimental configurations, while it reduced the size of the dataset significantly. The first 

step for developing such model was to understand and describe the flow using fundamental 

transport equations of heat and momentum, doing so, the following Reynolds Averaged 

Navier-Stokes (RANS) and energy balance equation were used as the basis of the analysis 

𝑈�̅�,𝑡+ �̅�𝑗�̅�𝑖 ,𝑗 = −
1

𝜌
𝑝,𝑖̅̅ ̅+ 𝑓�̅� + 𝜈�̅�𝑖,𝑗𝑗− 𝑢𝑖𝑢𝑗̅̅ ̅̅ ̅,𝑗 = −

1

𝜌
𝑝,𝑖̅̅ ̅+ 𝑓�̅� + (𝜈 + 𝐾𝜈)�̅�𝑖,𝑗𝑗  (3.17) 

�̅�,𝑡 + �̅�𝑗�̅�,𝑗 = 𝛼�̅�,𝑗𝑗 − 𝑇′𝑢𝑗̅̅ ̅̅ ̅,𝑗 = (𝛼+𝐾𝐻)�̅�,𝑗𝑗      (3.18) 
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In equation 3.17, 𝑈�̅� is the mean velocity of the flow, 𝜌 is the density of the fluid, 𝑝𝑖 is 

the pressure gradient associated with flow field,𝜈 is the kinematic viscosity of the fluid, 𝑢𝑖 

is the fluctuating component of velocity and 𝐾𝑣 is eddy diffusivity of momentum. In 

equation 48 �̅� and 𝑇′ is the mean and fluctuating components of the temperature of the 

flow field and 𝛼 is the thermal diffusivity and 𝐾𝐻 is eddy diffusivity of heat. 

 In fluid mechanics, the convective mode of transport of momentum, heat and mass is 

described using eddy diffusivity. Therefore, to understand convective heat transfer in 

propagating fire in a vegetative fuel bed, eddy diffusivity was used to describe convective 

heat transfer. Since BOS dataset provided a measure of convective heat transfer as well, 

thus this dataset was used to obtain values on eddy diffusivity. Mathematically eddy 

diffusivity of heat is described as: 

𝐾𝐻 =
𝑇′𝑢𝑗̅̅ ̅̅ ̅̅

�̅�,𝑗
          (3.19) 

In many cases is not trivial to measure fluctuating components nor the gradient terms. 

Moreover, knowing the values associated with eddy diffusivity, not only provides an 

understanding of the convective mode of transport, but also utilizes solving RANS equation 

numerically. Thus, various numerical methodologies exist for modeling eddy diffusivity. 

These methodologies are usually categorized based on the number of transport equations 

that are necessary to be solved in addition to the fundamental governing equations. For 

example, the commonly used 𝑘 − 𝜖 , 𝑘 − 𝜔 are two-equation models because they solve 

Turbulent Kinetic Energy 𝑇𝐾𝐸 and dissipation or vorticity equation in addition to the 

governing transport equations. 
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When working with an experimental dataset, like the BOS dataset, solving additional 

transport equations is not possible. However, a category of eddy diffusivity models known 

as zero-equations models exists that doesn’t solve any transport equation. These models 

instead provide an algebraic relation between the parameters that are correlated to eddy 

diffusivity. Looking back at the physical description of diffusion one can describe eddy 

diffusivity as: 

𝐿 ∝ √𝐾 ∙ 𝑡          (3.20) 

Here 𝐿 is a length scale that the fluid parcel will be transported by eddy with diffusivity 

of 𝐾 in the time scale 𝑡. Equation 3.20 can be rewritten as  

𝐾 ∝
𝐿2

𝑡
            (3.21) 

Prandtl used the same methodology and defined the characteristic length 𝐿 as mixing 

length 𝐿𝑚. The mixing length is defined as the distance the fluid parcel will be transported 

while it conserves its properties before it mixes with the surrounding fluid. Looking at the 

BOS results (Figure 3.17) this distance can be described as the horizontal width and vertical 

height of the thermal plume around the fire. In this study preheating of the surface fuels 

are important, thus in our analysis only the horizontal width was considered. Figure 3.26 

shows a schematic of mixing length around a fire with and without the presence of wind.  
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Figure 3.26 Schematic of the definition of convective mixing length  

Looking back to equation 3.21, other than length scale 𝐿, eddy diffusivity is also 

dependent on a time scale 𝑡. To define this time scale, the vorticity which characterizes the 

rotation of eddies was considered. These eddies facilitate the turbulent mixing thus a time 

scale corresponding to vorticity can help to characterize eddy diffusivity. The vorticity 

equation is obtained by taking the curl of the Navier-Stokes equation : 

𝐷𝜔

𝐷𝑡
= 𝜔𝑗𝑢𝑖 ,𝑗⏟  −

1

𝜔𝑖𝑢𝑗,𝑗  ⏟  
2 

− 𝜈𝜔𝑖 ,𝑗𝑗⏟  
3

+
1

𝜌2
𝜖𝑖𝑗𝑘𝜌,𝑖𝑃,𝑘⏟      

4

     (3.22) 

Here 𝜔 is the vorticity vector. The first term represents vortex stretching, the second 

term is related to fluid expansion due to combustion, the third term is viscous diffusion of 

vorticity. The fourth term, is the baroclinic torque, which is quite important in turbulent 

combustion. Baroclinic vorticity arises when the density and pressure gradients are 

misaligned. In the flame, the pressure gradient is hydrostatic and the density gradient points 

horizontally outward, which causes the baroclinic term to be nonzero. Since the only term 

𝑳𝒎 
𝑳𝒎 
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in the vorticity equation that is not the function of existing vorticity is the baroclinic term, 

it is theorized baroclinicity gives rise to the initial vorticity in the flame(Cheung and Yeoh 

2009). One can rewrite the baroclinic term as: 

𝐵 =
𝜌,𝑖

𝜌
∙ 𝑔          (3.23) 

Looking back at equations (3.6) , BOS can be used to calculate the value for density 

gradient 𝜌,𝑖. The calculated value 𝐵 can be combined with 𝐿𝑚 to define eddy diffusivity as 

: 

𝐾 = 𝐿𝑚
2 ∙ 𝐵0.5         (3.24) 

𝐾 = 𝐿𝑚
2 ∙ √(𝑔 ∙ 𝜌,𝑖/𝜌)        (3.25) 

This model can be used to summarize the turbulent nature of the convective flow 

around the flame. Having this model, it was necessary to process all 1,125,200 images to 

create a new dataset, which the model could be deployed to. To create such database the 

values of the density gradient, convective heat flux and velocity magnitude was averaged 

over two regions of each individual image. The first region was the entire frame of image. 

This region, as will be described in the next section, was used to calculate the values for 

mixing length 𝐿𝑚. The second region was a neighborhood with dimensions of 100x100 

pixels on the bottom right corner of image figure 3.27. The purpose of this region, as it is 

shown as a white box in figure 3.27, was to capture the convective heat flux above the fuel 

bed. The values calculated using the second region provided understanding of the 

convective heat flux ahead of the flame which caused preheating of the unburnt fuel. 
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Figure 3.27 Demonstration of the region of interest when processing convection.  

In the previous section, a model was developed to help characterize turbulent behavior 

of convective thermal plume around the flame, thus eddy diffusivity was defined based on 

a mixing time scale and mixing length scale. Afterward, the BOS dataset was processed to 

Average convective heat flux over the entire frame of the image. For simplicity the mean 

heat flux value is shown as < 𝐻 >. To define the convective mixing length a normalized 

value 𝑅𝐻 was defined as  

𝑅𝐻 =
<𝐻>−<𝐻>𝑚𝑖𝑛 

<𝐻>𝑚𝑎𝑥−<𝐻>𝑚𝑖𝑛 
         (3.26) 

The subscript 𝑚𝑖𝑛 and 𝑚𝑎𝑥 , demonstrates the maximum value of the corresponding 

signal. Later the 𝑅𝐻 signal was plotted against a fuel bed length scale 𝑋 = 𝐿 ∙ 𝑡/Δ𝑡. Here 𝑡 

is the sampling time, and Δ𝑡 is the experiment duration, and 𝐿 is the length of the fuel bed. 
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After plotting 𝑅𝐻, a normal distribution function defined in equation 3.27 was fitted to the 

dataset. 

𝐺 = 𝑒−0.5(
𝑥−𝜇

𝜎
)
2

         (3.27) 

Here 𝜇 is the mean of signal distribution and 𝜎 is the standard deviation. doing so, 𝐿𝑚 

was defined as  

𝐿𝑚 = 3 ∙ 𝜎          (3.28) 

This value of 𝐿𝑚 corresponds to the distance from the maximum to the location where 

𝑅𝐻 reaches 0.003 of its initial value. Looking back to Prandtl’s definition of mixing length, 

this value corresponds to the length that the fluid is mixed with its surrounding. Figure 3.28 

shows the plotted value 𝑅𝐻 and how 𝐿𝑚 was calculated.  

 

Figure 3.28 plot of 𝑅𝐻 vs Distance  
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After calculating 𝐿𝑚 for each experiment, 𝑡 was calculated using the magnitude of the 

density gradient signal at the position of 𝐿𝑚. Doing so made it possible to calculate eddy 

diffusivity for each experimental setup. The summarized results for each phase of the 

experiments are demonstrated below in figures 3.29-3.31 



 

 

8
8
 

 

Figure 3.29 Convective mixing length and eddy diffusivity calculation for phase 1 
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Figure 3.30 Convective mixing length and eddy diffusivity calculation for phase 2 
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Figure 3.31 Convective mixing length and eddy diffusivity calculation for phase 3 
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The result demonstrated in figures 3.28-3.31 elaborates the effect of the external wind 

as a key parameter affecting the mixing length, eddy diffusivity and thus convective heat 

transfer. In the first phase, there was a big variety of treatments and experimental 

configurations, however comparison of treatment 12 and 14 shows that when all the 

parameters were kept constant, the external wind increased the convective mixing length 

and thus eddy diffusivity. The results obtained using BOS in this phase did not demonstrate 

how adding live shrubs had affected the eddy diffusivity compared to cases with only pine 

needle fuel bed. The small shrub height, and the variability on other important parameters 

such as the number of plants and mass of pine needle fuel bed may have caused such 

outcome. However, generally the result of all three phases indicate that the presence of the 

plants affected the calculated eddy diffusivity.  

3.3.6.A Calculation of convective heat flux for all experimental configuration 

As it was explained in the previous section, a neighborhood of 100 x 100 pixels were 

selected to capture convective heat flux caused by the flame. Figure 3.32 shows a sample 

signal obtained by such process. The results for all the experiments were summarized by 

evaluating the maximum value and median value of the convective signal distribution. The 

results are shown in figure 3.33. The description for each treatment is shown in figures 

3.28-3.31 and tables 3.4-3.6 
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Figure 3.32 Convective heat flux for a single treatment  

 

Figure 3.33 Maximum and the median value of convective heat flux for all treatments 
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The results are shown in figure 3.33 show how the convective heat flux changed in 

different experimental configurations. It has to be noted, as it was also discussed in section 

3.3.5, these values are an estimation of the amount of convective heat transfer caused by 

the fire in the direction that it propagates. As it has also been discussed various assumptions 

were made to estimate convective heat flux, and these assumptions may cause uncertainty 

in the results shown in figure 3.33. One of the major assumptions was using 2D BOS to 

study a 3D phenomenon, consequently the images and data were a planar projection of a 

3D phenomenon All the values obtained assumed that when a linear flame was present, all 

the properties did not change in the direction of the line of sight. As flame front deviates 

from linear this assumption could cause uncertainty on the quantitative results. Thus, the 

computed values may not be exact.  However, this methodology still can provide a general 

understanding of the convective heat transfer for example, as demonstrated here, how it 

changes in different wind condition. 

3.3.7 Mass Loss Data Analysis 

In section 3.3.2.The importance of high-resolution mass loss measurement of a single 

plant was discussed. It had been discussed that a decent mass loss data could be combined 

with gas measurement data and correlate the pyrolysis gases to the mass lost in the 

pyrolysis process. The mass-loss rate can also help to understand heat transfer effects on 

the pyrolysis process. To create such signal a high precision scale was used. The main 

challenge in obtaining signal was that in many of the experiments, especially when no wind 

was present, the ashes from the burnt fuel would fall on to the mass loss test section and 

corrupt the signal obtained by the sensor. As it can be seen in figure 3.35 the total mass 
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loss of a plant was less than 7 grams, thus the interference caused by the ashes made the 

data for specific burn useless. Other than these signal interferences, in some of the 

experimental setup the plant was elevated and therefore couldn’t be placed on the scale. 

Nevertheless, in some cases, the signal gathering was successful. These signals follow a 

similar trend as the signal shown in figure 3.34. The major differences are the initial mass 

of the plants and also mass loss rate, which is depended on heat transferred to the plant. 

Figure 3.34 shows a sample signal obtained by the mass loss measurement system among 

with the calculated mass loss rate from the signal 

 

Figure 3.34 sample mass loss signal  

In order to summarize the mass loss rate results, the initial mass of all the measured 

experiments, total mass loss, and the maximum mass loss rate of reliable signals was 

plotted in figure 3.35  
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Figure 3.35 summary of mass loss data 

3.3.8 Schmidt Boelter and thermocouple system Data analysis  

In addition to the BOS system and high precision scale, a pair of Medtherm Schmidt 

Boelter sensors and a thermocouples system was installed in the wind tunnel. In the first 

two phases, the thermocouple was designed to mimic the temperature profiles around a 

plant. The temperature profiles and the maximum values did not change significantly 

between the experimental configurations. Figure 3.36 shows a sample result of a 

thermocouple signal in these phases. In the third phase, as mentioned in section 3.3.2.C the 

thermocouples were dispersed in the wind tunnel to help to know the temperature when the 

pyrolysis gas was captured. Figure 3.37 shows the result of this configuration.  
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Figure 3.36 Sample temperature profile for two first phases   

 

Figure 3.37 Sample temperature profile for the third phase 

The Medtherm sensor was installed to capture total and radiant heat flux absorbed by 

the surface fuel as the fire propagated through the fuel bed. The sample results for the 

output of these sensors can be seen in figure 3.38. When looking into the heat flux sensor 

data, it can be seen that the amount of radiation and total heat flux varies a lot. The reason 

for this difference relates back to the position of the sensors. The sensors were laid out so 

it can capture heat flux on the surface of the fuel bed, but commonly it would have been 

covered by the pine needle. As a result, the total heat flux measurement took into account 
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conduction and also limited the view factor between the radiometer and the flame, which 

resulted in a small amount of radiation to be recorded. 

 

Figure 3.38 Sample signal of heat flux sensors 
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3.3.9 Summary  

Recent findings elaborate on the importance of convective heat transfer in fire 

propagation in vegetative fuels. In this research, the effect of convective heat transfer 

mechanism on the pyrolysis process and fire propagation was studied. To quantify 

convection ahead of the flame, Background Oriented Schlieren (BOS) was used as a 

simple method of flow visualization around the fire. BOS made it possible to visualize 

the thermal plume associated with the fire as the flame propagated through the fuel bed. 

This enabled us to effortlessly see how in the wind-driven fire, the wind forces the 

thermal plume ahead of the flame while in the non-wind driven fire the thermal plume is 

attached to the flame itself. Next, we demonstrated that by applying Density Gradient 

Image Velocimetry (DGIV) to the result of BOS the flow associated with the thermal 

plume could be visualized as well. Finally, it was shown that comparing consecutive 

frame of images makes it possible to visualize and quantify convective heat transfer. 

After visualizing convective heat around the fire, a procedure was developed to model 

convective heat transfer ahead of the fire using the concept of eddy diffusivity. The eddy 

diffusivity was defined using an algebraic equation, which used turbulent mixing length 

and mixing time scale. The result of evaluating eddy diffusivity in different experimental 

configuration, demonstrated how the presence of external wind affected the mixing length 

and thus eddy diffusivity. To summarize external wind effects on eddy diffusivity, the eddy 

diffusivity was plotted against non-dimensional Froud number defined as : 

𝐹𝑟2 =
(𝑈𝑤−𝑅𝑂𝑆)

2

𝑔.
Δ𝐻𝑐
𝐻∞

∙𝑊𝑓

         (3.29) 
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This Froud number expression provides a measure of the ratio of the kinetic energy of 

the air over the sensible heat flux provided by the fire. Here, 𝑈𝑤 is the wind speed, 𝑅𝑂𝑆 is 

the rate of spread of the fire, 𝑔 is the gravity and 𝑊𝑓 is the width of the flame. The 

convective buoyancy is expressed as Δ𝐻𝑐/𝐻∞, where Δ𝐻𝑐 is enthalpy of combustion and 

𝐻∞ is the ambient enthalpy. Froud number shown in equation 3.29 is very similar to the 

Froud number defined by Clark et al (Clark1 et al. 1996). In this study for calculating the 

heat of combustion, Δ𝐻𝑐, the heat release of the long leaf pine needle was only considered. 

Figure 3.39 shows the plotted values of eddy diffusivity against their calculated Froud 

number  

 

Figure 3.39 Values of eddy diffusivity against calculated Froude number  

As it can be seen in figure 3.39, eddy diffusivity can be described as the function of 

Froud number as: 

𝐾𝐻 = 35 ∙ (10 ∙ 𝐹𝑟)
3 + 0.6      3.30 
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The same procedure can be taken to evaluate the effect defined Froude number on the value 

of convective heat flux measured ahead of the flame using BOS. Figure 3.40 shows the 

result of such process. 

 

Figure 3.40 Values of convective heat transfer against calculated Froude number 

Similarly, an expression can be defined which correlated the convective heat flux 

obtained in these experiments to the Froud number  

𝐻𝑐 = 0.35 ∙ 𝐹𝑟
0.5 + 0.1         (3.31) 

In calculating convective heat flux, it was assumed when a linear flame is present, all 

the properties do not change in the direction of the line of sight, As flame front deviates 

from linear this assumption could cause uncertainty on the quantitative results. Thus, the 

computed values may not be exact. However, when looking at the order of magnitude of 

measured values it is comparable to some numerical models such as the one done by 

Porterie et al , (Porterie et al. 2005). Nevertheless, this methodology still can provide a 

general understanding of the convective heat transfer for example, as demonstrated here, 

how it changes in different wind condition. 
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4 Application of Computer Vision and Optical Flow Algorithms to Laser Speckle 

Imaging3 

Because of the importance of accurate blood flow visualization, various techniques for 

flow imaging have been proposed in medical fields such as ophthalmology, dermatology, 

endoscopy, and internal medicine (Stern et al. 1979). Some of these techniques are non -

invasive and include methods such as Orthogonal Polarization Spectral (OPS) imaging 

(Groner et al. 1999), side Stream Dark Field (SDF) imaging (Goedhart et al. 2007), Laser 

Doppler Perfusion Imaging (LDPI) (Wardell et al. 1993)and laser speckle methods(Basak 

et al. 2016), such as Laser Speckle Contrast Imaging (LSCI). Among all these methods, 

LSCI is gaining interest because of its simplicity and ease of use.  

Laser speckle effect occurs when a coherent light, such as a laser beam, illuminates a 

rough diffuse surface, thereby producing random interference effects. This effect is 

visualized by a granular pattern consisting of dark and bright spots (Rigden and Gordon 

1962). When the speckle pattern is generated on a moving object such as blood vessels, the 

blood flow causes fluctuations in the speckle pattern on the detector. In fluid mechanics, 

the phenomenon where an optical wave propagating through a medium experience 

irradiance (intensity) fluctuations, is referred to as optical turbulence. In LSCI, blood flow 

causes blurriness of image pixels, which leads to scintillation of the intensity. Here we 

define the scintillation index as: 

 
3 Majority of this section is reprinted from Microvascular Research, “Application of optical flow algorithms 

to laser speckle imaging”,Aminfar et al. pages 52-59 copyright 2019 
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𝑆 =
<𝐼2>−<𝐼>2

<𝐼>2
         (4-1)  

where 𝐼 denotes intensity of the optical wave, and < > denotes ensembled average or 

a long-time average. Over the years various algorithms and methods have been developed 

to calculate both temporal and spatial fluctuations of speckle patterns (Draijer et al. 2009; 

Vaz et al. 2016). These methods measure the blurriness of image pixels, which is generally 

centered around speckle contrast defined as: 

𝜅 =
𝜎

<𝐼>
=
√<𝐼2>−<𝐼>2

<𝐼>
        (4-2) 

Obviously, the speckle contrast, 𝜅, is the same as the square root of the scintillation index 

defined in equation 1. When there is little or no movement in the speckle patterns, “fully 

developed” patterns will cause the speckle contrast (equation 2) to be equal to unity 

(Goodman 1975). When there is movement in the object, the speckle pattern blurs, and the 

standard deviation of the intensity will be smaller than the mean intensity, thereby reducing 

speckle contrast. Assuming that the motion of the scattering areas of the flow is random 

and these random motions will decorrelate in time, the speckle contrast could be correlated 

to blood flow velocity. The speckle contrast is furthermore related to normalized electric 

field autocorrelation function 𝑔1(𝑟, 𝜏) (Bandyopadhyay et al. 2005) as 

𝜅 =
2β

T
∫ |𝑔1|

2 (1 −
𝜏

𝑇
) 𝑑𝜏

𝑇

0
        (4-3) 

where 𝛽 is a constant which account for different optical modes in measurement. Here 𝜏 is 

time and 𝑇 is the averaging period. Typically, 𝑔1 is hard to measure and therefore the 

intensity correlation function 𝑔2(𝜏) is measured instead. Functions 𝑔2(𝜏) and 𝑔1(𝜏) are 
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correlated through Siegert relation (Bandyopadhyay et al. 2005) as 𝑔2(𝜏) = 1 + β|𝑔1|
2. 

Fercher and Briers (1981) assumed that 𝛽 = 1 and the measured intensity of speckles is 

integrated over time. Doing so, they came up with the first speckle model described as  

𝜅 = √
𝜏𝑐

2𝑇
(1 − exp (−

2𝑇

𝜏𝑐
))        (4-4) 

where 𝜏𝑐 is the decorrelation time and is linked to decorrelation velocity 𝑣𝑐 defined as 

𝑣𝑐 =
𝜆

2𝜋𝜏𝑐
          (4-5) 

where 𝜆 is the laser wavelength. Equation 4 is one of the early attempts to correlate the 

speckle decorrelation time to speckle contrast 𝜅. The speckle contrast, 𝜅, can be used to 

create a mapped image. In this image values of speckle contrast, 𝜅, are different for the 

blood flow and surrounding tissue. This difference enables identifying the blood vessels in 

the image. Equation 4 has been evolving over the years. The developments have been in 

various methods for measurement of 𝜅 and decorrelation time 𝜏𝑐 (Draijer et al. 2009; Basak 

et al. 2012). The newer methodologies take into account various aspects of laser speckle 

patterns such as the presence of static layer on top of the blood vessels (Parthasarathy et al. 

2008). Theoretical efforts were established to quantify the impact of speckle size and 

sampling windows on the statistics of laser speckle (Duncan et al. 2008b; Kirkpatrick et al. 

2008). Moreover, studies have been done to improve laser speckle imaging algorithms. 

These improvements enable real-time blood flow visualization (Liu et al. 2008; Tom et al. 

2008; Humeau-Heurtier et al. 2015; Ansari et al. 2016b, a, 2017). 
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Since the normalized electric field autocorrelation function 𝑔1(𝜏) is related to the mean 

square displacement < |Δ𝑟2| > of the speckle patterns (Parthasarathy et al. 2008); it can 

be assumed that in the blood vessels, < |Δ𝑟2| > is caused by the flow. Therefore, instead 

of using statistical behavior of laser speckle patterns, a physics based model of the blood 

flow can be deployed for flow visualization. In the most general form, Cauchy momentum 

equation can be used to describe the blood flow. However, since in many physiological 

conditions blood is assumed to be a Newtonian fluid (Zamir 2016a), The Navier-Stokes 

equation can be used to describe the motion of the flow. The blood flow is considered 

unsteady Poiseuille flow. The Navier stokes equation for such is written defined as  

𝜕𝑢(𝑟,𝑡)

𝜕𝑡
+
𝜕𝑃(𝑥,𝑡)

𝜕𝑥
=

𝜇

𝜌
(
𝜕2𝑢(𝑟,𝑡)

𝜕𝑟2
+
1

𝑟

𝜕𝑢(𝑟,𝑡)

𝜕𝑟
)      (4-6) 

Here 𝑢(𝑟, 𝑡)is the radial component of the flow,𝜕𝑃(𝑥, 𝑡)/𝜕𝑥 represents the fluctuating 

pressure gradient, 𝜇 and 𝜌 represent the viscosity and density of the fluid. Because of the 

pulsatile behavior of the flow, Fourier’s transformation can be used to transform the 

parameters from the time domain to frequency domain, therefore equation (10) can be 

written as an ordinary differential equation: 

𝑑2𝑈𝜙

𝑑𝑟2
+
1

𝑟

𝑑𝑈𝜙 

𝑑𝑟
−
𝑖𝑊

𝑅2
𝑈𝜙 =

𝑃𝑠

𝜇
        (4-7) 

where 𝑈𝜙(𝑟) = 𝑢(𝑟, 𝑡) ∙ 𝑒
−𝑖𝜔𝑡, 𝑃𝑠 = 𝑒

−𝑖𝑤𝑡 ∙ (𝜕𝑃(𝑥, 𝑡)/𝜕𝑥) ,𝑅 is the radius of the blood 

vessel and 𝑊 = 𝑅 ∙ √𝜌𝜔/𝜇 is non-dimensional frequency parameter also known as the 

Womersley number. 𝑖 is the imaginary number. Assuming no-slip condition on the walls 
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and finite velocity along the axis of the tube, the differential equation 11 can be solved to 

give the following solution: 

𝑈𝜙 =
𝑖𝑃𝑠

𝜌𝜔
(1 −

𝐽0(𝑊∙𝑖
3
2∙
𝑟

𝑅
)

𝐽0(𝑊∙𝑖
3
2)

)        (4-8) 

The first element of equation (12) depends on the amplitude of pressure gradient 𝑝𝑠, 

the density of the fluid and frequency of the oscillation. The second term is a function of 

𝑟  which describes the velocity profile in the cross-section of the tube. Bessel function of 

first kind and order zero is shown as 𝐽0. Using equation 12, the velocity profile 𝑢(𝑟, 𝑡) can 

be written as(Womersley 1955; Zamir 2016b): 

𝑢(𝑟, 𝑡) = 𝑅𝑒𝑎𝑙 {∑
𝑖∙𝑃𝑠

𝜌∙𝜔
(1 −

𝐽0(𝑛
1
2𝑊∙𝑖

3
2∙
𝑟

𝑅
)

𝐽0(𝑛
1
2∙𝑊∙𝑖

3
2)

)) ∙ 𝑒𝑖𝑛𝑤𝑡𝑁
𝑛=0 }    (4-9) 

where 𝑢(𝑟, 𝑡)is the radial component of the flow, 𝑊 is Womersley number. The angular 

frequency is represented by 𝜔. Viscosity and density of the fluid is represented by 𝜇 and 

𝜌. The radius of the vessel is 𝑅, the pressure gradient magnitude is 𝑃𝑠. Bessel function of 

first kind and order zero is shown as 𝐽0, and 𝑖 represents the imaginary unit. 

However, the blood vessels are not rigid and the Navier-Stokes equation can be solved 

for pulsatile flow in an elastic tube to give (Morgan and Kiely 1954; Womersley 1955; 

Zamir 2016b): 

𝑢(𝑥, 𝑟, 𝑡) = 𝑅𝑒𝑎𝑙{
𝑖∙𝑃𝑠

𝜌∙𝜔
(1 − 𝐺 ∙

𝐽0(𝑊∙𝑖
3
2∙
𝑟

𝑅
)

𝐽0(𝑊∙𝑖
3
2)

)) ∙ 𝑒
𝑖𝑤(𝑡−𝑥)

𝑐 }    (4-10) 
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Here 𝑐 is the wave speed and G is a group parameter function of Poisson’s ratio, Young’s 

modulus, diameter of tube and wall thickness of the tube. Although in some physiological 

conditions the assumption of Newtonian fluid is not valid; the blood flow is still governed 

by the Cauchy momentum equation. 

In fluid mechanics, optical methods of flow visualization such as Particle Image 

Velocimetry, Laser Speckle Velocimetry and Background Oriented Schlieren are used to 

obtain better understanding of the flow field. These methodologies are based on comparing 

two snapshots of the flow field in different times. For example, in laser speckle 

velocimetry, two snapshots of the speckle patterns are taken, rather than using a single 

blurred image, and the displacement vectors of the speckle pattern between the two frames 

are calculated. Finding displacement vectors from a pair of images is commonly referred 

as optical flow estimation which could be defined as the apparent motion of 2D projection 

of images between time steps. Cross-correlation methods are the most common methods 

used in computing displacement between a pair of images. In cross-correlation the whole 

image is divided into small windows for analysis over which the velocity can be assumed 

to be constant. Cross-correlation is a conventional method that is used in various 

applications including particle image velocimetry and laser speckle velocimetry (Dabiri 

2006). However, cross-correlation algorithms cause the analysis of speckle patterns to 

become much more complicated compared to speckle contrast techniques, in which speckle 

contrast is measured over a single image. Moreover, cross-correlation methods reduce the 

spatial resolution of the image as well. Because of these disadvantages, speckle contrast 

imaging has been more popular. With the recent developments in the computer vision 
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especially in fields of optical flow estimation over the past two decades, more advanced 

and more accurate method has been developed. Atcheson et al. (2009) compared optical 

flow algorithms with cross-correlation algorithm using a synthetic dataset of noise 

backgrounds. They found that optical flow algorithms significantly increase the resolution 

of displacement calculations.  

In this communication, a fluid mechanic approach is taken to visualize blood flow. 

Thus, different physical behavior of the blood flow, such as the pulsatile behavior as shown 

in equations 6 and 7, is used to visualize the blood flow. This was achieved by calculating 

apparent displacement of laser speckle patterns. As discussed earlier, when calculating 

displacement between a pair of images, optical flow algorithms have better resolution. 

Hence, optical flow algorithms were deployed to calculate the apparent displacement of 

image pixels. The differences in optical displacement were used to map the blood vessels. 

This methodology, hereafter referred to as the Laser Speckle Optical Flow Imaging 

(LSOFI), is similar to the laser speckle velocimetry and background oriented schlieren. 

4.1 Image acquisition 

In order to produce dataset for analysis of LSOFI, Laser speckle patterns were applied 

to the cranial bone of the mouse. The images were obtained by a 12-bit CMOS camera with 

a rolling shutter (Thorlabs DCC1545) The camera system was attached to a microscope 

with 10X magnification with focus plane of 0.3mm below the surface. Laser speckle 

patterns were generated using a continuous wave laser of 632.8 nm wavelength coupled 

with beam expanders and diffusers. The resulting image had 1024 x 1280 pixel resolution 

acquired with a frame rate of 14.5 Hz. For the purpose of this study, images with the 
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exposure time of 12.5 𝑚𝑠 were used. The result of applying LSOFI to the sample dataset 

are presented next. 

4.2 Results and Discussions  

First, the spatial resolution of LSOFI was compared to LSCI methods. This section is 

followed by evaluating effect of sampling time and temporal resolution on LSOFI and 

LSCI. Thereafter, various filters were applied to the resulting dataset to increase the 

temporal and spatial resolution and help to identify the blood flow. At last, quantitative 

values calculated for LSOFI are presented. 

4.2.1 Qualitative visualization of blood flow using optical flow algorithms  

To present the visualization results, a new variable 𝑀 is introduced as : 

𝑀 =
1

𝑇
∫ √𝑢(𝑡)2 + 𝑣(𝑡)2𝑑𝑡
𝑇

0
       (4-11) 

where 𝑢(𝑡) and 𝑣(𝑡) are horizontal and vertical motions calculated for each pixel in 

pair of frames and 𝑇 is averaging time over series of image frames. The frames are averaged 

primarily to increase the signal to noise ratio. 

Figure 1 is visualization of 𝑀 when calculated using Horn-Schunck, Lucas-Kanade and 

Farneback optical flow algorithms. Figure 4-1 also shows the results of applying LSCI to 

the image datasets. Laser Speckle Imaging method (LSI) (Cheng et al. 2003) and Spatially 

Derived Contrast Using Temporal Frame Averaging (sLASCA) (Le et al. 2007) were 

deployed to the dataset to calculate the Laser speckle contrast 𝜅. LSI method determines 𝜅 

over 𝑇 number of frames (LSI image in Figure 1 uses T=190 frames). sLASCA method 
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determines 𝜅 by averaging 𝑇 number of Laser Speckle Contrast Analysis (LASCA) images 

(David Briers and Webster 1996). In LASCA, 𝜅 is measured in 1 image over a pixel 

window (sLASCA image in Figure 1 uses T=190 frames and window size of 5x5). 

 
Figure 4.1First row is a snapshot of the raw image obtained. The second row is the 

result of mapping 𝜅 using LSI and sLASCA algorithms. The third row demonstrates the 

mapped value of "𝑀" using Horn-Schunck, Lucas Kanade and Farneback optical flow 

algorithms. It can be seen that sLASCA has very low spatial resolution compared to LSI 

method. This could be the artifacts of using a rolling shutter camera. The LSOFI algorithms 

produce higher resolution images compared to LSCI imaging methods 



 

110 

Figure 1, clearly demonstrates that at the same temporal resolution, Horn-Schunck, Lucas-

Kanade, and Farneback optical flow algorithms have higher resolution than LSCI methods. 

Thus, optical flow algorithms make it easier to identify and visualize the blood vessels. In 

the LSCI methods, sLASCA has very low spatial resolution compared to the LSI method. 

Therefore LSI method is compared to optical flow algorithm for this work. Among the 

optical flow algorithms, Horn-Schunck is more sensitive to smaller displacements. This 

results in more noise as compared to the Farneback algorithm, which is sensitive to all 

scales of motion. 

As shown in equation 16, to increase the signal to noise ratio of the resulting images, 𝑇 

number of frames were selected and averaged. When using LSI imaging method, 𝑇 is the 

number of frames used for calculation of 𝜅. When using sLASCA, 𝑇  is the number of 

frames used for averaging the results.  

To investigate the effect of averaging over the dataset, the number of frames were 

reduced to 20 images which corresponds to 1.37 seconds. Because of higher spatial 

resolution, Farneback’s algorithm was chosen as the representative of the optical flow 

algorithms, and LSI method was chosen to represent LSCI methods. The results of applying 

Farneback algorithm and LSI algorithm over 20 raw images are shown in figure 4-2. 
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Figure 4.2 Image processing results of applying LSI and Farneback optical flow 

algorithm over 20 frames of raw-images. It can be seen that Farneback optical flow 

algorithm requires less images to produce a meaningful result. 

Figure 4-2 shows that for smaller averaging, Farneback optical flow algorithm has 

higher resolution compared to LSI. In other words, Farneback optical flow algorithm 

requires a smaller number of images to produce a reasonable flow visualization as 

compared to the LSI method. This specification is very helpful towards quasi-real time 

visualization of blood vessels. Comparing Farneback’s results from figures 1 and 2, that 

the results show that as the averaging time increases, the amount of noise in the image 

decreases; which leads to clearer blood vessel visualization. Figure 4-3 demonstrates the 

effect of averaging time on the output of the Farneback’s optical flow algorithm.  
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Figure 4.3 Image processing results using Farneback’s optical flow algorithm with 

different averaging times. The number on the top left corner represents the number of pair 

of images used to process the image. As the number of data frames increases, the resolution 

of resulting image increases as well. It can be seen that for higher spatial resolution image, 

more images are required. 

It can be seen from figure 4-3 that when the number of image pairs used for temporal 

averaging increases, the resolution of the output image increases. One of the optical flow 

algorithms advantages over LSI is that the optical flow analysis will output resulting image 

gradually as images are captured. LSI, which use the temporal properties of speckle 

patterns, require all the inputs at once to produce the resulting image. 

4.2.2 . Post data processing  

4.2.2.A Noise reduction of the images.  

As shown in the previous section, optical flow algorithms, have higher resolution 

compared to Laser Speckle Contrast Imaging algorithms (LSCI). Moreover, it has been 
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shown that as the number of data samples increases, the resulting image will have less noise 

and therefore higher resolution. However, it is not always practical to increase the number 

of data points to reduce the image noise. Hence noise reduction algorithms and filters could 

be applied to enhance the resolution. Figure 4-4 demonstrates the effects of the Gaussian 

filter and median filter to the outcomes of the optical flow algorithms. Figure 4 illustrates 

the result of applying filters and image noise reduction algorithms. For each of the optical 

flow algorithms, 10 images were used.  Applying filters reduces the need for longer 

averaging time. It can be seen that when applying a filter, Horn-Schunck algorithm 

produces a higher spatial resolution image. Even though the Farneback’s algorithm 

produces higher spatial resolution image without a filter. 
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Figure 4.4Result of applying a Gaussian and median filter on the optical flow result of 

10 pair of images. The row indicates the optical flow algorithm used, and the columns 

indicate the filter applied. It can be seen that applying Gaussian and median filters to the 

raw results of Horn-Schunck and Lucas-Kanade optical flow algorithms lead to images 

with higher resolution 

4.2.2.B Image segmentation and identification of blood vessels 

Optical flow’s high spatial resolution results make it possible to identify and segment 

the blood vessels in the image. via image segmentation algorithms. In computer vision, 
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Image segmentation is used to partition a digital image into different regions. By 

partitioning digital images into different regions, the overall analysis becomes less 

computationally expensive. Frangi et al.’s (1998) “multiscale vessel enhancement filter,” 

is one of the standard image segmentation algorithms, which is used to identify the blood 

vessels in a digital image. For 2D images, Like the one presented here, vesselness measure 

is described as: 

𝑉0(𝑠) {
0         𝜆2 > 0

exp (−
1

2
(
𝜆1

β𝜆2
)
2

(1 − exp (−
∑ 𝜆𝑗

2
𝑗≤𝐷

2𝑐2
))

     (4-12) 

Here, 𝜆𝑖 is the eigenvalue of the hessian matrix, which results from the Taylor 

expansion. And 𝛽 and 𝑐 are thresholds which controls the sensitivity to different factors. 

To identify the blood vessels, Frangi’s filter was applied to the results of the optical flow 

algorithms. The results are shown in figure 4-5.
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Figure 4.5 Results of applying a Frangi filter to the output of optical flow algorithms. 

The intensity of each pixel shows the vesselness calculated by Frangi filter. It can be seen 

for a small number of frames; the Horn-Schunck algorithm visualizes the blood vein better 

than other optical flow algorithms. However, the results of Farneback optical flow has less 

noise. 

Figure 4-5 demonstrates that the combination of Frangi and Gaussian filtering lead to 

better identification of blood vessels. The intensity of the image correlates to the amount 

of vesselness calculated using the Frangi filter. This can later be implemented for automatic 

blood vessel detection using LSOFI.  

4.2.3 Quantitative analysis of Laser Speckle Optical Flow Imaging  

The previous sections demonstrated Laser Speckle Optical Flow imaging advantages 

over LSCI methods qualitatively. It also has been shown that the better resolution of LSOFI 

can help in developing an autonomous blood vessel detection system. However, like many 

LSCI methods, the correlation of quantitative value of each representing pixel with the 

blood velocity profile is uncertain. The quantitative unitless value of 𝜅 is often assumed to 

have a correlation with the decorrelation time as explained in equations 2-5. However, this 
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assumption has numerous issues that prevents LSCI method for becoming a quantitative 

measurement methodology (Duncan et al. 2008a). 

In contrast to the LSCI methods, the hypothesis of the LSOFI, introduced in this paper, 

is physically based on the Cauchy momentum equation. Figure 4-6 presents the apparent 

displacement,𝑀, for different calculation methods. The first column shows the 2D mapped 

displacement of the apparent motion. The second column represents the apparent motion 

calculated at the solid line shown in the first column. The third column represents the 

apparent motion calculated at the dashed line shown in the first column. The vertical dotted 

line in the second and third column show the approximate boundary of the vessel at the 

location of calculation. For the second and third column, the values of averaged 

displacement over 190 frames were calculated along with averaged displacement over 10 

frames filtered using Gaussian and median filters. Each row represents the optical flow 

algorithm used for calculation. It can be interpreted from figure 6 that when Gaussian and 

median filters are applied to the LSOFI results of 10 frames of images (𝑇=10 in equation 

16) have the same spatial resolution as when 190 frames of LSOFI results are averaged 

(𝑇=190 in equation 16) with no filters. In simpler words, Gaussian and median filter reduce 

the need for additional frames. Figure 6 shows that although the magnitudes calculated by 

the optical flow algorithms differ, the different LSOFI algorithm produce almost the same 

profiles. 
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Figure 4.6 Quantitative analysis of displacement values. The first column presents 2D 

mapped values of 𝑀. Second and third column represent the calculated apparent motion,𝑀 

, at the solid and dashed lines marked in the first column, respectively. The vertical dotted 

line in the second and third column show the approximate boundary of the vessel at the 

location of the solid and dashed lines. For the second and third column, the value of 

averaged displacement is calculated over 190 frames (𝑇=190 in equation 16) along with 

averaged displacement calculated over 10 frames (𝑇=10 in equation 16) using Gaussian 

and median filters. Each row represents the optical flow algorithm used for calculating 

speckle displacement. 

When analyzing the quantitative values of the resulting LSOFI methodology, in 

contrast with conventional displacement-based flow visualization (i.e. Background 

Oriented schlieren), the actual displacement has an inverse relationship with apparent 

displacement, which is defined as  
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𝑀 = 𝑙𝜆/Δ          (4-12) 

Here 𝑀 is the apparent displacement calculated quantified by LSOFI, 𝜆 is the 

wavelength of the laser used and Δ is the actual speckle displacement. Based on this 

equation, it can be seen that how small changes and uncertainties in the calculation of 

𝑀 will affect thr estimation of the displacement.  

4.2.4 Development of CUDA based LSOFI 

One of the main drawbacks of optical flow algorithms is it is computationally 

expensive. In simpler words, because most of the optical flow algorithms used complicated 

algorithms, the processing time is much longer for LSOFI compared to other LSI imaging. 

With the development of GPU (Graphic Process Unit ) computing, higher processing 

power became more affordable. Optical flow calculation, in the same way, LSOFI, can 

benefit from these platforms. CUDA is a computing platform developed by Nvidia to use 

a GPU for general purpose processing. Most of the recent GPUs from Nvidia support 

CUDA. Other than graphics cards, Nvidia has Embedded systems like Jetson and Xavier 

to create a fast and fully functional quasi-real time blood flow imaging system. Using 

CUDA based algorithms made it possible to deploy other optical flow algorithms, such as 

Brox algorithm, to the dataset and visualize the blood vessels. Figure 4-7 shows the result 

of such process. 
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Figure 4.7 Comparison of CUDA based Farneback, Brox and TVL1 algorithms 

From figure 4-7, it can be seen that as how Brox and TVL1 algorithms impact the 

spatial resolution of LSOFI. In terms of computational speed, Table 4-1 shows the 

comparison of this performance of the algorithms. 

Table 4-1 Performance Comparison for 200 frames of image  

Algorithm Processing Time 𝑚𝑠 

Farneback Algorithm 131585 

CUDA based Farneback Algorithm 14046 

CUDA based Brox Algorithm 14658 

CUDA based TVL1 Algorithm 8094 

 As can be seen from Table 4-1, CUDA algorithms are approximately 9 times faster 

than the regular algorithms. In a comparison of the CUDA algorithms, TVL1 has the best 

processing time, and also from figure 4-7, it can be seen that TVL1 gives a good spatial 

resolution as well. When analysis the images using TVL1 algorithms, it is important also 

to address the effect of using multi-scale resolution on LSOFI. As discussed in section 

2.1.3, the multi-scale resolution makes it possible to capture big motion or displacement 

on the images. In LSOFI, these displacements are commonly caused by other factors , 
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which commonly are not related to blood flow. Figure 4-8 demonstrates the result of multi-

scale resolution on the LSOFI dataset. 

 

Figure 4.8 Effect of the number of scales on TV-L1 algorithm.  

It can be interpreted from figure 4-8, as we increase the number of scales, making the 

image more sensible to big displacements, less of the blood flow is visualized, and more 

of skull pattern of the mouse is visualized. 

4.2.5 Summary of LSOFI  

Laser speckle contrast imaging is known as a convenient method for visualizing flow 

in vessels. Common LSCI methods mapped the values of speckle contrast “𝜅” to produce 

a resulting image. In this work, a new approach of laser speckle imaging, dubbed Laser 

Speckle Optical Flow Imaging (LSOFI) was introduced. In contrast with LSCI methods 
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which uses the statistical properties of speckle patterns for flow visualization, LSOFI maps 

the values of the apparent displacement of laser speckle patterns. Strictly speaking, the 

noise caused by the blood flow is governed by Cauchy momentum equation and in some 

cases Navier-Stokes equation. This is in contrast with the noise displacement in the 

surrounding tissue which has different governing equation. LSOFI captures the speckle 

displacement caused by different physical behavior and creates a mapped image. It has 

been shown that LSOFI has advantages over LSCI methods both in temporal and spatial 

resolution. In other words, LSOFI can be used to produce higher resolution images 

compared with LSCI method using less frames. Moreover, the architecture of the LSOFI 

is optimal for Graphics Processing Unit (GPU) computing platforms such as Nvidia’s 

CUDA platform(Marzat et al. 2009). Since the GPU computation increases the speed of 

LSOFI, the GPU enabled LSOFI could be deployed to the embedded systems such as 

Nvidia’s JETSON to create a fast and fully functional quasi-real time blood flow imaging 

system. 

Like LSCI methods, the substantial challenge remains if LSOFI could be used as a 

quantitative tool for assessing blood flow in vessels. Although the LSOFI results have the 

same order of magnitude as some reported values for blood flow in mouse’s brain vessels, 

further experiments using precise velocity measurements like LDF is required to validate 

LSOFI as a quantitative tool for flowmetry. Nonetheless, LSOFI could be used as a valid 

qualitative tool for blood flow visualization  
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5 Application of Computer Vision to Study Turbulent Interfacial Phenomena  

The interaction of bubbles and turbulent flows occurs in a variety of physical systems. 

It can be seen in many industrial applications such as using air-lubrication systems to 

improve ship hydrodynamics and using aerators to enhance chemical reactions in reactors. 

As bubbles interact with turbulent structures that may be present in a flow field, bubbles 

will move and deform in response to the motion of the surrounding liquid. Because of its 

importance, bubble interactions with turbulent flows have been researched extensively. 

Early works involving this type of interaction focused on estimating the size of the largest 

stable bubble that could remain intact in a jet. Shinnar (Shinnar 1960) developed a 

formulation for the diameter of the maximum stable size bubble, which was found to be: 

𝑑𝑚𝑎𝑥 ∝ 𝐿 ∗ (𝑊𝑒𝑇)
−3/5. Here 𝑑𝑚𝑎𝑥 is the diameter of the largest stable bubble and 𝑊𝑒𝑇 is 

the Weber number associated with the largest scale eddy with the size of 𝐿. Hinze (Hinze 

1955) analyzed the forces involved in the deformation and break-up of fluid particles and 

developed a method of estimating the largest stable bubble diameter from the Weber 

number and a dimensionless group parameter named the viscosity group [defined as 

𝜇𝑑/(𝜌𝑑𝜎𝐷)
0.5, where 𝜇𝑑 is viscosity of the fluid inside the bubble, 𝜌𝑑 is the density of the 

fluid inside the bubble, 𝜎 is the surface tension between the two phases, and 𝐷 is the 

diameter of the bubble]. Using Hinze’s analysis, Hughmark (Hughmark 1971) was able to 

develop a correlation for the largest stable bubble diameter in turbulent pipe flow. Through 

their work, Luo and Svendsen (Luo and Svendsen 1996) developed a fluid particle break 

up model. The criteria they used was, in their words, that “a fluid particle breaks if the 

turbulent kinetic energy of the bombarding eddies becomes greater than a critical value”. 
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Many break up models have been proposed over the years and they involve various criteria 

for determining the conditions under which a bubble will break up. In one of many recent 

studies, Nachtigel et al (Nachtigall et al. 2015) used image processing techniques to analyze 

high speed videos and concluded that highly deformed bubbles are more likely to break up 

than spherical bubbles. In other approaches to studying bubble break-up model closure, 

models and theoretical studies have been developed to capture bubble break up behaviors 

across the complete turbulent energy spectrum (Solsvik et al. 2016)(Solsvik and Jakobsen 

2016).  

Based on Kolmogorov's theory of local isotropy, a length scale could be defined as 𝜂 =

(𝜈/ 𝜖)1/ 3  and a velocity scale as 𝑉 = (𝜈𝜖)1/4 . Here 𝜈 is the kinematic viscosity of the 

fluid and 𝜖 is the dissipation rate. Based on this theory, to have local isotropy, the size of 

the energy containing eddies (𝐿) must be large compared to the size of the dissipative scale 

(𝜂). Assuming these conditions are met, all velocity correlations must be a function of 

𝑉, 𝜂, 𝜖, 𝑎𝑛𝑑 𝜈. As a result, the mean square of relative velocity, 𝑢(𝑟), between any two 

points can be combined with 𝑟, the distance between the two points in the flow field, to 

form:  

𝑢2(𝑟)̅̅ ̅̅ ̅̅ ̅ ∝ (𝜖𝑟)
2

3      𝑓𝑜𝑟        𝐿 ≫ 𝑟 ≫ 𝜂       (5-1-a) 

𝑢2(𝑟)̅̅ ̅̅ ̅̅ ̅ ∝ 𝜖𝑟2/𝜈      𝑓𝑜𝑟        𝐿 ≫ 𝜂 ≫ 𝑟       (5-1-b) 

where the Kolmogorov length scale is 𝜂 ∝ 𝐿 ∙ (𝑅𝑒)−3/4. For turbulent flows it is common 

for the bubble diameter to be greater than the Kolmogorov length scale. This, then, places 

them in the inertial range, and it could therefore be assumed that equation (1-a) applies to 
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turbulent flows that involve entrained bubbles. Hinze (Hinze 1955) used the same argument 

and, after looking at the forces and the associated stresses applied to a bubble, categorized 

them based on whether they produced restoring or deforming stresses. The main restoring 

stresses are those due to interfacial tension. These stresses are proportional to 𝜎/𝑑, where 

𝜎 is the surface tension between the bubble and the surrounding fluid (called the continuous 

phase) and 𝑑 is bubble diameter. He argued that the viscous stresses inside the bubble, 

which is called the discrete phase, also act as restoring forces. These stresses are on the 

order of (𝜇𝑑/𝑑)√𝜏/𝜌𝑑, where 𝜇𝑑 is the viscosity of the discrete phase, 𝜏 is the shear stress 

from the continuous phase, and 𝜌𝑑 is the density of the discrete phase. He also identified 

that continuous phase viscous shear stresses and the turbulent pressure fluctuations 

dominated the other deforming stresses. The viscous shear stress is expressed as 

𝜇𝑐(𝜕𝑈/𝜕𝑟), where 𝑈 is the mean flow velocity and 𝜇𝑐 is the viscosity of the continuous 

phase. The turbulent pressure fluctuations can then be approximated by 

 𝑃𝑇𝑢𝑟𝑏𝑢𝑙𝑒𝑛𝑐𝑒 ≈ 𝜌
𝑐𝑢′2̅̅ ̅̅          (5-2) 

Here 𝜌𝑐 represents the density of the continuous phase. Additionally, 𝑢′(𝑟) represents the 

velocity fluctuations around the bubble. 

Even though computer vision and machine learning have greatly improved over the 

past decade, computer vision has not been fully utilized to develop an image processing 

based platform to help understand bubble deformation. Considering that both computer 

graphics and computer vision have been used in a variety of applications in fluid 

mechanics, such as reconstructing flowing water (Ihrke et al. 2005) and flames (Ihrke and 
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Magnor 2004), developing new visualization methods to capture density fields in a 

stratified flow (Verso and Liberzon 2015), and visualizing microvascular blood flow 

(Aminfar et al. 2018), there is clearly a need for algorithms that focus on the interactions 

between a discrete phase and its surrounding continuous phase. Fortunately, there has been 

some degree of progress when it comes to algorithms dedicated to discrete phase dynamics 

such as: the development of image processing applications that can be used to determine 

drop collision trajectories (Kamp et al. 2016), the identification of  flow regimes in a two-

phase flows (Ghanbarzadeh et al. 2012), the use of computer vision for a variety of Digital 

Particle Image Velocimetry (DPIV) applications, and the development of algorithms that 

identify and track bubbles which led to a technique known as Bubble Image Velocimetry 

(BIV)(Zhang and Chanson 2018)(Ryu et al. 2005). These algorithms, however, have 

focused mainly on the translational dynamics of the discrete phase rather than the 

interfacial dynamics associated with the local interactions between the two phases. 

For this research, computer vision and image processing algorithms, such as edge 

detection and optical flow analysis, were used to develop a model that can be used to 

capture the effect turbulent flows have on the deformation of bubbles. This model was 

developed by combining a simple fluid mechanics model, computer vision algorithms, and 

machine learning techniques. 

5.1 Theoretical development  

When developing computer vision algorithms, it is important to understand the physics 

governing the phenomena under investigation. To understand the bubble deformation in a 

turbulent jet, knowing the governing equations will allow proper identification of the data 
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that must be captured during the tests. These equations are the basis of the algorithms used 

for this study. Starting with a force balance on a bubble, like the one shown in figure 1, one 

can write the following equation to understand the forces affecting the bubble 

(Nepomni︠ a︡shchiĭ et al. 2002).  

𝑇𝑖𝑗
𝑐  𝑛𝑗 − 𝑇𝑖𝑗

𝑑  𝑛𝑗 = 𝜎𝑛𝑗𝑛𝑖,𝑗 − 𝜎,𝑖       (3) 

Here 𝑇𝑖𝑗
𝑐  𝑛𝑗 is the normal component of shear stress tensor from the continuous phase to 

the discrete phase, 𝑇𝑖𝑗
𝑑 𝑛𝑗  is the normal component of stress tensor from discrete phase to 

continuous phase, 𝜎𝑛𝑗𝑛𝑖,𝑗 is normal curvature force per unit area associated with local 

curvature, and 𝜎,𝑖 is tangential stress associated with a gradient in the surface-tension (𝜎). 

 

Figure 5.1 Example of an actual distorted bubble studied by this research. A normal 

vector and the associated force representation are also shown  

Multiplying equation (3) by a unit normal vector (𝑛𝑖), it becomes: 

𝑇𝑖𝑗
𝑑 

𝑇𝑖𝑗
𝑐  

continuous phase 

discrete phase 

𝑛𝑖 

𝑻𝒊𝒋
𝒄  𝒏𝒋 − 𝑻𝒊𝒋

𝒅  𝒏𝒋 = 𝝈 𝒏𝒋 𝒏𝒊,𝒋 − 𝝈,𝒊 
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 𝑇𝑖𝑗
𝑐  𝑛𝑖  𝑛𝑗 − 𝑇𝑖𝑗

𝑑  𝑛𝑖  𝑛𝑗 = 𝜎 𝑛𝑖 ,𝑖        

 (4) 

This mathematical operation means that the dynamics in the tangential direction are being 

eliminated from consideration. Since behaviors in this direction will generally impact the 

tangential shear flows within the bubble rather than its shape, this simplification should 

have a minimal impact, if any, on the results of this study. Next, assuming a Newtonian 

fluid, then 𝑇𝑖𝑗
𝐶 = −𝑃𝑐  𝛿𝑖𝑗 + 𝜇

𝑐 (𝑈𝑖 ,𝑗 + 𝑈𝑗,𝑖) and 𝑇𝑖𝑗
𝑑 = −𝑃𝑑  𝛿𝑖𝑗 + 𝜇

𝑑  (𝑈𝑖 ,𝑗 + 𝑈𝑗,𝑖). Here, 

𝑃𝑐   𝑎𝑛𝑑 𝑃𝑑 represent the pressure for the continuous and discrete phase, respectively; 

additionally, 𝜇𝑐 𝑎𝑛𝑑 𝜇𝑑 are the viscosity of the continuous and discrete phase, respectively. 

Assuming an air bubble in a liquid, then 𝜇𝑐≫𝜇𝑑, which means that equation (4) can be 

simplified to give: 

(−𝑃𝑚 𝛿𝑖𝑗 + 2𝜇
𝑐 𝜏𝑖𝑗)𝑛𝑖𝑛𝑗 = 𝜎 𝑛𝑖 ,𝑖       (5) 

where 𝑃𝑚 = 𝑃
𝐶 − 𝑃𝐷. By Introducing dimensionless parameters, one can write:  

−𝑃𝑚
∗ +

2

𝑅𝑒
𝜏∗𝑖𝑗𝑛𝑖𝑛𝑗+ =

1

𝑊𝑒
𝑛𝑖 ,𝑖       

 (6) 

where 𝑃𝑚 = 𝜌 ∙ 𝑈
2 ∙ 𝑃𝑚

∗ , 𝜏∗ is formed by assuming 𝑥 = 𝐿𝑝 ∙ 𝑥 
∗, 𝑢 = 𝑈 ∙ 𝑢∗. The parameters 

with a star superscript represent the dimensionless form of the parameters. Additionally, 

𝑅𝑒 is the Reynolds number and 𝑊𝑒 is the Weber number. In cases of flow with high 

Reynolds number, the shear term in equations (5) and (6) can be omitted; thus equation (5) 

can be simplified to give:   
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𝑃𝑚 = −𝜎𝑛𝑖 ,𝑖          (7) 

𝑃𝑚 and 𝑛𝑖 ,𝑖 can then be decomposed as mean and fluctuating components:  

𝑃𝑚 =< 𝑃𝑚 > +𝑃𝑚 ′        

 (8) 

𝑛𝑖 ,𝑖 =< 𝑛𝑖 ,𝑖 > +𝑛′𝑖,𝑖         

 (9) 

where < 𝑃𝑚 >= (1/𝑁𝑝)∑ 𝑃𝑚
𝑁𝑝
1 , < 𝑛𝑖 ,𝑖 >= (1/𝑁𝑝)∑ 𝑛𝑖 ,𝑖

𝑁𝑝
1 , 𝑃𝑚

′ , and 𝑛𝑖,𝑖
′  are the 

fluctuating components for the pressure and the normal curvature, respectively. 𝑁𝑝 is 

number of data points on the surface of the bubble, for 2D projection this term represents 

number of measured points in perimeter of the bubble. Substituting (8) and (9) into (7): 

< 𝑃𝑚 > +𝑃𝑚
′ = −𝜎(< 𝑛𝑖 ,𝑖 > +𝑛

′
𝑖,𝑖 
)      (10) 

and if equation (10) is then averaged, the fluctuating component will average to zero: 

< 𝑃𝑚 >= −𝜎 < 𝑛𝑖 ,𝑖 >        (11) 

Finally, subtracting equation (11) from (10):  

𝑃𝑚
′ = −𝜎𝑛′𝑖,𝑖           (12) 

moreover, averaging the magnitude of equation (12):  

< |𝑃𝑚′| >= 𝜎 < |𝑛′𝑖 ,𝑖| >        (13) 
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Equation (13) demonstrates how the pressure fluctuations around the bubble can influence 

the shape of the bubble. Returning to Hinze’s analysis in equation (2), where the turbulent 

pressure fluctuations around the bubble were modeled as 𝜌𝑐𝑢′2̅̅ ̅̅ , and realizing that the left-

hand side of equation (13) is simply the very same intensity of pressure fluctuations around 

the perimeter of the bubble, then equation (13) can be represented as:  

< 𝑢′2 >∝< |𝑛′𝑖 ,𝑖| >        (14) 

Therefore, by using Hinze’s relation between the pressure and velocity fluctuations in a 

turbulent flow, equation (14) can be seen as relating the turbulent velocity fluctuations 

around a bubble, on the left hand side, to fluctuations in the normal curvature around (i.e. 

the shape of) the bubble, on the right. Clearly, since bubbles in turbulent flows can be 

highly distorted, the right-hand side of equation (14) represents a complex 3D shape 

parameter which itself is related to the curvature forces resulting from the geometry of the 

bubble. 

With this understanding, which represented the culmination of the theoretical 

development, the next step in this study’s investigation was to use computer vision to 

quantify parameters that were related to the shape of and velocity fluctuations around the 

bubble, which, as was just seen, are themselves related to the turbulent intensity of the flow 

field around the bubble.  

5.2 Experimental setup and methods  

In order to produce the turbulent flow field for this study, an RC (Remote Controlled) 

boat was restrained inside a water channel. The propeller of the boat was used to generate 
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the turbulent jet, and bubbles were then injected slightly below the jet using a small tube.  

These bubbles were then allowed to naturally enter the jet under the influence of their own 

buoyant force. The gas flow of air through the tube was 300 𝑚𝑙/𝑚𝑖𝑛.  Since the bubble 

deformation occurred within time scales on order of milliseconds and below (Thoroddsen 

et al. 2008), a high-speed digital camera with a capture rate of 4700 fps was used to record 

the bubble deformation. A schematic of the experimental setup is presented in figure 2.  

After capturing the video, the uncompressed images were transferred to a computer for 

processing. The values of each pixel in the images were stored using an 8-bit unsigned 

integer data format (uint-8). The result of this was that each pixel was assigned a value 

between 0 (black) and 255 (white) based on the intensity of the light associated with that 

location in the image.  
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Figure 5.2 Schematic of the experimental setup. For clarity, the boat, camera, and tank 

are not presented in the same scale 

To get information about the parameters related to those in equation (14), computer 

vision algorithms were used to process the high-speed videos taken of bubbles deforming 

in this turbulent jet. Figure 3 presents a simplified flowchart associated with the flow 

visualization step that was used to help quantify the relevant parameters.  

High Speed Camera 

RC 

Air Inlet Tube 

Bubble 

Bubble 

Air Inlet Tube 

RC 
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After capturing the deformation of the bubbles, two regions of interest were identified. As 

the main source of the turbulence, the first region was near and included the propeller. The 

second region, dubbed “bubble region,” was the primary region where the bubbles 

interacted with the turbulent jet. The bubble region was located between the propeller and 

the RC boat’s rudder. The identification of these regions can be seen in figure 4. 

Figure 5.3 Flow chart of Image Processing. The right branch shows the image processing 

for the propeller region. The left branch shows the image processing for the bubble region 

Visualizing Turbulent Bubble Deformation 

Flow  

Edge Detection 

  

Bubble Isolation and Naming  

  

Turbulent Behavior 

Calculation 

Bubble Shape 

Calculation 

Single Bubble Tracking  

Non-Dimensional 

number associated 

with the propeller  

Propeller Speed Measurement  

Identifying Bubble Region and Propeller 

Region  

Multiple Bubble Tracking  

Bubble Region 

  
Propeller 

region 
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Figure 5.4  Sample Image captured by High-speed Camera.  The propeller region is 

the dotted rectangle and the bubble region is located within the dashed rectangle  

As the primary source of turbulence, the initial image processing focused on the 

propeller. After identifying the propeller in the first region, the raw uint-8 grayscale images 

of the propeller were converted to a binary image. The conversion was done using a 

threshold of 125, which means that any values larger than 125 were given a value of 1 and 

anything else was mapped to zero. Afterward, an edge detection algorithm (Canny 1986) 

was used to identify the outline of the propeller. Figure 5a presents a raw image of the 

propeller and figure 5b shows its edge as detected by the algorithms.  

Measuring the distance between the tips of the propeller (thick line in Figure 5c) over 

time, a signal is produced as shown in figure 5d. This periodic signal was converted from 

the time-domain to the frequency domain using a Fast-Fourier transform (figure 5e). The 

dominant frequency captured is directly related to the angular velocity of the propeller. 
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Since a 2-blade propeller was used for this study, the frequency shown in figures 5d-e had 

a frequency 2 times greater than the propeller’s rotational speed 

.
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(a) 

 

(b) 

 

(c) 

 

(d) 

 
(e) 

Figure 5.5 (a) Raw image of the propeller (b) Propeller image using edge detection 

(c) Maximum size of the projected propeller image (d) Signal associated with this 

maximum propeller dimension (e) Amplitude of the signal in the frequency domain   
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Even though the propeller region is important, clearly, the bubble region was the focus 

of this effort. This was the region where the bubbles exhibited, sometimes extreme, 

deformation and where the majority of bubble break up and collision events occurred. The 

images were processed in the same way as the propeller images, first converting the images 

to a binary format and then using edge detection algorithms to capture the edges of the 

bubbles. In addition to this processing, the bubbles were also isolated from each other and 

individually labeled so that each bubble could be individually tracked throughout the flow 

field. Figure 6 illustrates the processes as they were performed for a single frame associated 

with the bubble region. This algorithm was used to isolate and identify the various bubbles 

present at the time. The method used automatically captured new bubbles that resulted from 

the break up of bigger bubbles. 

 

(a) 

 

(b) 

 

(c) 

Figure 5.6 (a) Raw image of the bubble region (b) Bubble edges in the region of 

interest (c) An isolated bubble 
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5.3 Experimental data analysis  

In the previous steps, the bubbles were isolated and identified. To quantitatively 

analyze the bubble deformation in the jet, it was important to perform a fluid-mechanics 

based analysis to identify the properties of the bubbles that needed to be captured. As was 

indicated by equation (14), the measure of turbulent fluctuations < |𝑢′2| > was correlated 

to the turbulent behavior around the bubble and < |𝑛′𝑖 ,𝑖| > was related to the curvature 

forces and the shape of the bubble. Therefore, it is presently necessary to develop a method 

to empirically quantify these or related parameters.  

After identifying edges of the bubble, the velocity fluctuations around the bubble were 

obtained using optical flow algorithms. The methodology used for this calculation is 

similar to the method represented by Quénot et al (Quénot et al. 1998). In this specific case, 

the Horn-Schnuck algorithm (Horn and Schunck 1980) was used to compute the perimeter 

velocities associated with each of the isolated bubbles. The Horn-Schnuck method uses the 

assumption of conservation of brightness to solve for the apparent displacement between 

two consecutive frames of the high-speed video. Although optical flow algorithms may not 

provide a good estimate of the tangential velocity component for a 2D image, based on the 

development and assumptions used for derivation of equation (14), it is known that the 

tangential velocity has little to no contribution on to the pressure fluctuations around the 

bubble. As a result, it has a little effect on the shape of the bubble. Figure 7 presents 

examples of the perimeter velocity vectors found for three different bubbles.  
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Figure 5.7 Examples of velocity profiles around three different bubbles 

Since one high-speed camera was used for this research, only the planar velocity 

components for the 2D projection of the bubble perimeter were captured. Consequently, 

the velocity of points on the bubble perimeters was captured as < |𝑢′2| >  =< |𝑢𝑥
′2| >

+< |𝑢𝑧
′2| >, where subscripts 𝑥 𝑎𝑛𝑑 𝑧 represent the horizontal and vertical components of 

each velocity vector, respectively. Again, since a 2D image of an inherently 3D 

phenomenon was captured, the 𝑦 component of the velocity vector (in and out of the image 

plane) was not captured using this experimental setup.  

Moving on to the deformation of the bubble, the parameter that describes the shape of 

the bubble in equation (14) is < |𝑛𝑖 ,𝑖| > and it represents the intensity of the fluctuation in 

the divergence of the normal vectors around a bubble. For example, when < |𝑛′𝑖 ,𝑖| >→ 0 

then 𝑛𝑖 ,𝑖 = 𝑛𝑖,𝑖̅̅ ̅̅  which represents a spherical bubble. In a 2D image, a spherical bubble will 

be seen as a circle. Therefore, instead of directly measuring < |𝑛′𝑖 ,𝑖| >, which is 

computationally intensive, the shape of the bubble was compared to a circle by using a 

ratio called the operational circularity (Cop) (Clift et al. 1978). The operational circularity 

x x x 

z z z 
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is the ratio of the actual area of the bubble, as determined by the image processing 

techniques, to the area of the smallest circle (AC) that circumscribes the bubble:  

𝐶𝑜𝑝 = √
𝐴𝑝

𝐴𝐶
 = √

4𝐴𝑝

𝜋𝐿𝑚𝑎𝑥
2         (15) 

Here 𝐴𝑝 is the area of the bubble, and 𝐿𝑚𝑎𝑥 is the maximum linear dimension of the bubble. 

In addition to the operational circularity, two other parameters were also investigated 

in this study. To motivate the first of these, it is known that the divergence of the surface 

normal in spherical coordinates (𝑟. 𝜃, 𝜙)is given by: 

𝑛𝑖 ,𝑖 =
1

𝑟2

𝜕(𝑟2(
𝜕𝑛

𝜕𝑟
))

𝜕𝑟
+

1

𝑟 𝑠𝑖𝑛 (𝜃)
.
𝜕(𝑠𝑖𝑛(𝜃)(

𝜕𝑛

𝜕𝜃
))

𝜕𝜃
+

1

𝑟 𝑠𝑖𝑛 (𝜙)

𝜕(
𝜕𝑛

𝜕𝜙
)

𝜕𝜙
    (16) 

For a spherical bubble of radius 𝑅, equation (16) reduces to 𝑛𝑖 ,𝑖 = 2/𝑅.  Therefore, <

|𝑛′𝑖 ,𝑖| > can be written as:  

< |𝑛′𝑖 ,𝑖| >∝ |(
1

𝑅𝑖
−

1

𝑅𝑖

̅
)|

̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
        (17) 

for any non-spherical bubble, where 𝑅𝑖 is the distance of each point on the bubble perimeter 

to the bubble’s centroid. The curvature intensity, which is the normalized variance of 

curvature around the bubble, can then be defined as:  

𝐼𝜅 =
|
1

𝑅𝑖
−
1

𝑅𝑖

̅
|

̅̅ ̅̅ ̅̅ ̅̅ ̅̅

1

𝑅𝑖

̅            (18) 

Alternatively, for a third parameter, the shape of the bubble can also be defined based on 

the radius fluctuation intensity which can be captured by:  



 

141 

𝐼𝑅 =
|𝑅𝑖−𝑅𝑖̅̅ ̅|
̅̅ ̅̅ ̅̅ ̅̅ ̅̅

𝑅𝑖̅̅ ̅
          (19) 

As mentioned earlier, the main purpose of the various shape calculations defined in 

equations (15), (18), and (19) is to develop a good model for the complex 3D shape 

parameter, < |𝑛′𝑖𝑖| >, since, again, this parameter cannot be directly determined from the 

images captured by this study. It is obvious that the relation between < |𝑛′𝑖𝑖| > and 𝐶𝑜𝑝, 𝐼𝑅 

and 𝐼𝜅 is not necessarily linear. However, inspired by equation (14), it can be shown that, 

when a bubble gets close to the shape of a sphere, the velocity fluctuations around the 

bubble tend to go to zero. Therefore, equation (14) could be written as: 

< 𝑢′2 >∝< |𝑛′𝑖 ,𝑖| >∝ 𝐶1 ∙ (𝐶𝑜𝑝
−1 − 1 )

𝑚1
∝ 𝐶3 ∙ (𝐼𝑅)

𝑚3 ∝ 𝐶4(𝐼𝜅)
𝑚4   (20) 

Equation (20) shows that some of the general forms of equation (14) can be related to the 

different shape parameters discussed above. Of all the shape parameters introduced above, 

𝐶𝑜𝑝 is generally the easiest to calculate. However, in the next section 𝐼𝑅 and 𝐼𝜅 will be 

evaluated, as well as 𝐶𝑜𝑝, to see which of these parameters produces the best results. 

5.4 Results and discussion  

5.4.1 Data Analysis of Single Bubble Tracking   

In an initial effort to relate the turbulence around the bubble to the shape of the bubble, 

a single bubble was selected. The evolution of the selected bubble was observed while it 

moved through the turbulent jet. If this bubble broke up as it moved through the flow field, 

one of the resulting bubbles was selected in order to continue this tracking process. The 

𝐼𝜅 , 𝐼𝑅 , 𝐶𝑜𝑝, and turbulent fluctuations < |𝑢′2| > associated with this selected bubble were 
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determined while the bubble continued to move through the flow field. The plots 

corresponding to this analysis are presented in figures 8-10. The brightness associated with 

the scatter plot indicate the distance of the bubble from the propeller normalized to the 

propeller diameter (𝐷∗). As the brightness decreases, the bubbles are located further from 

the propeller.  
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Figure 5.8 Plot of  < 𝒖′𝟐 > vs  𝑪𝒐𝒑. The solid line represents the best fit of the data (Note, 

the axes do not start at zero) 

 
Figure 5.9 Plot of < 𝒖′𝟐 > vs  𝑰𝑹. The solid line represents the best fit of the data (Note, 

the axes do not start at zero) 
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Figure 5.10 Plot of < 𝒖′𝟐 > vs  𝑰𝒌. The solid line represents the best fit of the data 

(Note, the axes do not start at zero) 

It can be seen in figures 8-10 that as a bubble travels through the turbulent region, it 

experiences three changes: it moves further from the propeller, it becomes more circular, 

and the turbulent fluctuations around the bubble decrease. On the other hand, when a 

bubble is close to the propeller it is generally very distorted, which, from the perspective 

of this study, means it is significantly less circular than a sphere. As discussed previously, 

the parameters used in this study to capture bubble distortion are 𝐼𝑅 , 𝐼𝜅 , and 𝐶𝑜𝑝. The 

empirical relationships between these shape parameters and the turbulent fluctuations 

around the bubble follow the same trend as the model represented by equations (14) and 

(20). For the special case of selecting and tracking a single bubble from these experiments 

and using linear regression on the associated datasets presented above, equation (20) could 

be rewritten as: 

< 𝑢′2 >= 0.07 ∙ (𝐶𝑜𝑝
−1 − 1)

0.4
       (21.a) 

< 𝑢′2 >= 0.15 ∙ (𝐼𝑅)
0.4        (21.b) 
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< 𝑢′2 >= 0.08 ∙ (𝐼𝑘)
0.26        (21.c) 

Equations (21.a-21.c) present relationships between the velocity fluctuations around a 

bubble and parameters describing the shape of the bubble. As mentioned earlier, although 

the model introduced by equation (14) suggests that the velocity fluctuations around the 

bubble should have a linear relationship with < |𝑛′𝑖𝑖| >, because this study only had a 2D 

projection of a bubble and, consequently, was only able to work with parameters that were 

inherently tied to this planar geometry (even though these parameters were trying to capture 

a 3D shape function), the relations involving these shape parameters are not linear. 

Although these expressions did not attempt to capture a linear relationship, it is important 

to recognize that the relations expressed in equations (21.a-21.c) were all specifically 

constructed to satisfy a particular limiting case: when the bubbles become circular in a 2D 

projection, the velocity fluctuations around the bubbles will become zero.  

The data represented in figures 8-10 also show that clusters of data points are formed. 

This can especially be seen when the bubble is further away from the propeller. To evaluate 

these groups, machine learning algorithms were deployed to group the data. This 

methodology is known as data clustering analysis. In general, data cluster analyses are a 

methodology of grouping a set of objects in a cluster (group) such that the objects in the 

groups are more similar to each other. In this specific case, a mean shift clustering method 

(Comaniciu and Meer 2002) was used so that the computer could determine the number of 

clusters that exist in the dataset. The symbol used for a particular data point represents the 

cluster associated with that point. Table 1 characterizes each of the clusters in figures 8-

10. 
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Table 5-1 Bubble Tracking Clusters for figures 8-10 

Figure 
Cluster 

name 
Symbol < 𝑢′2 > 𝐷∗ < |𝑛𝑖 ,𝑖| > 

8 

Group 0 
× 

0.05 << 𝑢′2 >< 0.13 0.59 < 𝐷∗  
< 1.01 

0.29 < 𝐶𝑜𝑝 < 0.44 

Group 1 
⃝ 

0.04 << 𝑢′2 >< 0.11 1.07 < 𝐷∗  
< 1.23 

0.52 < 𝐶𝑜𝑝 < 0.68 

Group 2 ∆ 0.09 << 𝑢′2 >< 0.15 0.6 < 𝐷∗  < 0.62 0.22 < 𝐶𝑜𝑝 < 0.28 

9 

Group 0  
× 0.04 << 𝑢′2 >̅̅ ̅̅ ̅̅ ̅̅ ̅̅ < 0.11 1.07 < 𝐷∗  

< 1.23 
0.08 < 𝐼𝑅 < 0.15 

Group 1 
⃝ 

0.05 << 𝑢′2 >< 0.09 0.88 < 𝐷∗  
< 1.01 

0.25 < 𝐼𝑅 < 0.30 

Group 2 
Δ 0.09 << 𝑢′2 >̅̅ ̅̅ ̅̅ ̅̅ ̅̅ < 0.15 0.59 < 𝐷∗  

< 0.71 
0.34 < 𝐼𝑅 < 0.39 

10 

Group 0 
× 

0.05 << 𝑢′2 >< 0.15 0.59 < 𝐷∗  
< 1.01 

0.38 < 𝐼𝜅 < 0.55 

Group 1 
⃝ 

0.04 << 𝑢′2 >< 0.11 1.07 < 𝐷∗  
< 1.23 

0.08 < 𝐼𝜅 < 0.15 

Group 2 
∆ 

0.06 << 𝑢′2 >< 0.13 0.70 < 𝐷∗  
< 0.94 

0.58 < 𝐼𝜅 < 0.71 

Group 3 + < 𝑢′2 >= 0.13 𝐷∗ = 0.7 𝐼𝜅 = 0.84 

It can be concluded from the data represented in Table 1 that as the bubbles get further 

away from the propeller, as expected, both the velocity fluctuations around the bubble 

decrease and the shape of the 2D projection of the bubble tends to become more circular.  

Since this section has focused on tracking a single bubble through the turbulent jet, 

only 50 data points could be analyzed. In this case, the benefits of data clustering may not 

be as significant when compared to using this method on larger datasets. However, when 
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studying more bubbles, as is done in the next section, data clustering becomes crucial when 

attempting to understand the behavior of bubbles in turbulent flows.  

5.4.2 Data Analysis of Multiple Bubbles  

Since the data from the prior section are the result of tracking a single bubble, there are 

some regions where very limited, if any, data exist. To improve the model that is the focus 

of this study, it is necessary to increase the number of bubbles under consideration. This 

can be achieved by selecting all the bubbles in every frame associated with a given video. 

For the footage used in this study, around 23000 isolated bubble images were processed. 

This is in contrast with the 50 bubble images that were processed when tracking the single 

bubble discussed previously. Due to a large number of bubble images, the clustering 

method introduced in the previous section had to be used to group the bubble data in a way 

that made sense. Since the number of data points in this dataset was large, though, it was 

not efficient to use the mean shift clustering that was used in the previous section. This 

time, the clustering was done using a K-means clustering algorithm (Arthur and 

Vassilvitskii 2007). This method requires the number of clusters to be specified. Therefore, 

the number of clusters that appear in figures 8-10 was used as an initial estimate for the 

number of clusters to be used when processing this larger dataset. Table 2 presents the 

relevant summary information associated with each of these clusters; this includes the 

mean value and the standard deviation for the appropriate velocity fluctuation as well as 

the various shape and position parameters. 
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Table 5-2  Values associated with the clusters for the dataset containing 23000 isolated 

bubble images 

Figure 
Cluster 

name 

Velocity 

Fluctuation  
< 𝑢′2 > 

Normalized 

Distance, 𝐷∗ 

Shape Parameter related 

to  < |𝑛𝑖 ,𝑖| > 

Mean 𝜎<𝑢′2>  Mean 𝜎𝐷∗ 

𝐶𝑜𝑝 

Mean 𝜎
|𝑛′𝑖,𝑖|

 

11 

Group 0 0.07 0.02 0.97 0.26 0.44 0.04 

Group 1 0.05 0.02 1.07 0.26 0.62 0.07 

Group 2 0.08 0.03 0.93 0.26 0.32 0.03 

12 

Group 0 0.07 0.03 0.95 0.27 

𝐼𝑅 

0.33 0.04 

Group 1 0.05 0.02 1.08 0.29 0.11 0.02 

Group 2 0.06 0.02 0.98 0.29 0.21 0.03 

13 

Group 0 0.076 0.03 0.96 0.27 

𝐼𝜅 

0.41 0.05 

Group 1 0.05 0.02 1.08 0.29 0.11 0.03 

Group 2 0.08 0.03 0.93 0.26 0.66 0.12 

Group 3 0.070 0.02 0.97 0.29 0.24 0.04 

 
Figure 5.11 Plot of the mean value and standard deviation of < 𝑢′2 > for a cluster vs  

𝐶𝑜𝑝, the solid line represents the curve fitting associated with the center of the clusters. The 

number next to each point represents the group number for the cluster. For details of each 

group see Table 2 
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Figure 5.12 Plot of the mean value and standard deviation of < 𝑢′2 > for a cluster vs  

𝐼𝑅, the solid line represents the curve fitting associated with the center of the clusters. The 

number next to each point represents the group number for the cluster. For details of each 

group see Table 2 

 
Figure 5.13 Plot of the mean value and standard deviation of < 𝑢′2 > for a cluster vs  

𝐼𝜅, the solid line represents the curve fitting associated with the center of the clusters. The 

number next to each point represents the group number for the cluster. For details of each 

group see Table 2 

 

Again, from the data captured in Table 2 and figures 11-13, it can be seen that when 

bubbles get more circular, the velocity fluctuations around them decrease as well. This 

same phenomenon is also captured when a single bubble was tracked. Furthermore, it can 
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be seen that the center of the clusters representing the data in figures 11-13 follows a trend 

associated with this specific case of evaluating the 2D projections of multiple bubbles. 

These relations could be represented as:  

< 𝑢′2 >= 0.06 ∙ (𝐶𝑜𝑝
−1 − 1)

0.31
       (22.a) 

< 𝑢′2 >= 0.11 ∙ (𝐼𝑅)
0.36        (22.b) 

< 𝑢′2 >= 0.09 ∙ (𝐼𝑘)
0.25        (22.c) 

Equation (22) shows that there is a relationship between the average value of a parameter 

representing < |𝑛𝑖 ,𝑖| > for any particular cluster and the average value of < |𝑢′2| > for 

that same cluster. As mentioned earlier, the number of clusters represented in figures 11-

13 correspond to the same number of data clusters used when tracking a single bubble. 

Having around 23,000 isolated bubble images, though, these clusters have on average more 

than 5,000 data points captured in each cluster. Thus, the number of data points associated 

with each cluster is large and, consequently, may not precisely capture the underlying 

behavior exhibited by the bubbles. This issue could be solved by increasing the number of 

clusters used to represent the dataset. As a result, an additional analysis was performed 

specifically for Cop using 30 clusters rather than the 3 that were used before. The results of 

this effort are shown in figure 14. Moreover, the focus for this part of the study was on the 

operational circularity.  This is because it is less computational expensive to compute this 

shape parameter and also because, based on figure 11, the model based on 𝐶𝑜𝑝 has a very 

good agreement with the center of the clusters. 
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Figure 5.14 Plot of the mean value and standard deviation of < 𝑢′2 > for a cluster vs  

𝐶𝑜𝑝, the solid line represents the best fit curve for the center of the clusters 

As can be seen in figure 14, when more clusters are used, there is a similar relationship as 

before between the shape of the bubbles, represented by 𝐶𝑜𝑝, and the velocity fluctuations 

around the bubble, captured by 𝑢′2̅̅ ̅̅ . The relation for the specific case represented here is: 

< 𝑢′2 >= 0.06 ∙ (𝐶𝑜𝑝
−1 − 1)

0.25
       (23) 

Comparing equations (23) and (22.a), it can be seen that the value of the constants in these 

equations are remarkably consistent even when the number of clusters is substantially 

increased. Additionally, when comparing equations (23), (22.a), and (21.a), it can be seen 

that the velocity fluctuations around the bubble could be written in a general form of <

𝑢′2 >= 𝛼 ∙ (𝐶𝑜𝑝
−1 − 1)

𝛽
, where 𝛼 and 𝛽 are found emperically and, for this specific dataset, 

the values are captured in equations (22.a) and (23). 

Even though, as seen in figures 8-14, the shape of a bubble can be related to the 

turbulent intensity around the bubble itself, there is considerable scatter in the data. There 
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are at least a few possible factors that could impact the spread in this data.  As was 

discussed earlier, one possible factor is that this study collected and analyzed 2D 

projections of a fundamentally 3D behavior. Consequently, the perimeter velocity 

fluctuations for any given bubble will generally be affected by points on the bubble’s 

surface that move into and then out of the camera’s field of view as the bubble deforms.  

This, clearly, would lead to a complex, and likely nonlinear, apparent behavior associated 

with the bubble’s projected perimeter, and this behavior would likely manifest itself as 

scatter in the measured velocity fluctuations. 

Additionally, as indicated in Dinsmore et al (Dinsmore et al. 2017), the very presence 

of a bubble will also affect the local turbulent intensity. Consequently, the native turbulent 

intensity of the flow field would be slightly different if the bubbles were not present, thus 

complicating any attempt to make statements about the nature of the flow field some 

distance away from the bubble. As a result, this effect may also have impacted the spread 

in the experimental data. 

Beyond the impact of the bubble itself, another factor that may contribute to the spread 

in the data is the tangential velocity component associated with the points on the bubble 

perimeter as determined by the Horn-Schnuck method. Since it is difficult to truly 

determine the value of this component that is not associated with the pure translation of the 

bubble, the inability of this study to properly capture that component could manifest itself 

as an apparent increase in the variability in the data. Additionally, the spread in the data 

could also have been impacted by the nature of the turbulent flow field. The jet produced 

by the propeller, though turbulent, is almost certainly not isotropically turbulent. This could 
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lead to some distortions in the results that could, again, have caused additional spread in 

the data. 

Also, although the methodology and model represented in this study specifically 

capture bubble behavior in a turbulent jet, it can be seen that the model has some 

disagreement at lower values associated with the operational circularity. This could result 

from the fact that the lower values of operational circularity may represent a slug of air; 

therefore other physical effects, such as buoyancy, may come into play, and, in addition to 

impacting the scatter in the data, this may cause the deviation from the overall trend seen 

in the data at lower values of the operational circularity. These relatively large slugs of air 

were generally present at the early stages of a bubble’s life cycle – during its formation at 

the end of the air injection tube until its eventual break up typically, but not necessarily, 

soon after it entered the jet.  

Even though there is scatter in the data and a deviation from the overall trend at lower 

values of the operational circularity, the general conclusions captured herein still hold true: 

there is a discernable inverse relationship between the operational circularity associated 

with a bubble in a turbulent flow field and the velocity fluctuations exhibited by points on 

that bubble’s projected perimeter. 
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6 Summary and conclusion  

With the continuous development of computer vision, machine learning, and 

computational imagery, computational flow visualization has become an important tool in 

understanding complex transport phenomena such as visualization and measurmnet of 

convective mass transport around a flame or understanding how turbulent eddies effect 

bubble deformation in two phase flows. Throughout this dissertation, in three different 

application, pipeline of convertion of raw data associated  with a transport phenommena, 

which can or cannot be seen with naked eye, was described.  

In the first application, we attempted to visualize and quantify convective heat transfer, 

which recent finding have shown it is very important in fire propagation in vegetative fuels. 

In this application, computational flow imagery technique named Background Oriented 

Schlieren (BOS) was used as a simple method of flow visualization around the fire. BOS 

made it possible to visualize the thermal plume associated with the fire as the flame 

propagated through the fuel bed. This enabled us to effortlessly see how in wind driven 

fire, the wind forces the thermal plume ahead of the flame while in the non-wind driven 

fire the thermal plume is attached to the flame itself. Next, we demonstrated that by 

applying Density Gradient Image Velocimetry (DGIV) to the result of BOS the flow 

associated with the thermal plume can be visualized as well. Finally, it was shown that 

comparing consecutive frame of images makes it possible to visualize and quantify 

convective heat transfer. 

In the first application 2D BOS was used, consequently the images and data are planar 

projection of a 3D phenomenon. All the values obtained assumes that when a linear flame 
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is present, all the properties do not change in the direction of line of sight. As flame front 

deviates from linear this assumption could cause uncertainty on the quantitative results. 

Thus, the computed values may not be exact. However, this methodology still can provide 

general understanding of the convective heat transfer, for example, as demonstrated here, 

how it changes in different wind condition. 

In the second application, we deployed the same pipeline used in the first application 

and revisited a common method of flow visualization in blood vessels, Laser Speckle 

Contrast Imaging (LSCI). Common LSCI methods mapped the values of speckle contrast 

“κ” to produce a resulting image. In this work, using the developed computational flow 

imagery pipeline, a new approach of laser speckle imaging, dubbed Laser Speckle Optical 

Flow Imaging (LSOFI) was introduced. In contrast with LSCI methods which uses the 

statistical properties of speckle patterns for flow visualization, LSOFI maps the values of 

the apparent displacement of laser speckle patterns. Strictly speaking, the noise caused by 

the blood flow is governed by Cauchy momentum equation and in some cases Navier-

Stokes equation. This is in contrast with the noise displacement in the surrounding tissue 

which has different governing equation. LSOFI captures the speckle displacement caused 

by different physical behavior and creates a mapped image. It has been shown that LSOFI 

has advantages over LSCI methods both in temporal and spatial resolution. In other words, 

LSOFI can be used to produce higher resolution images compared with LSCI method using 

less frames. Moreover, the architecture of the LSOFI is optimal for Graphics Processing 

Unit (GPU) computing platforms such as Nvidia’s CUDA platform(Marzat et al., 2009). 

Since the GPU computation increases the speed of LSOFI, the GPU enabled LSOFI could 
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be deployed to the embedded systems such as Nvidia’s JETSON to create a fast and fully 

functional quasi-real time blood flow imaging system. 

Like LSCI methods, the substantial challenge remains if LSOFI could be used as a 

quantitative tool for assessing blood flow in vessels. Although the LSOFI results have the 

same order of magnitude as some reported values for blood flow in mouse’s brain vessels, 

further experiments using precise velocity measurements like Laser Doppler Flowmetry is 

required to validate LSOFI as a quantitative tool for flowmetry. Nonetheless, LSOFI could 

be used as a valid qualitative tool for blood flow visualization 

In third application, a simpler version of the pipeline was deployed which combined 

image processing, machine learning algorithms, and a physics-based model to develop a 

data analysis pipeline that gives a general understanding of complex fluid systems, such as 

turbulent interfacial phenomena. In this study the complex system under investigation were 

bubbles as they moved through a propeller-induced turbulent jet. The deformation of these 

bubbles was studied using computer vision algorithms whose development was inspired 

by a simple fluid mechanics model. The study showed that the turbulent fluctuations 

around a bubble would impact the bubble’s shape in a generally predictable fashion. As 

the bubble becomes more circular and smoother, the turbulent fluctuations around the 

bubble are less intense. This happens as the bubble travels through the turbulent jet and 

moves further from the propeller where the turbulent structures are less energetic. Also, 

with the help of supervised and unsupervised machine learning algorithms, more than 

23,000 isolated bubble images were processed. The large number of bubble images 

included in the investigation helped with the development of a model that relates the shape 
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of a bubble to the velocity fluctuations around that bubble. This model can then be used to 

determine the turbulent behavior around a bubble simply by looking at the shape of the 

bubble in a single frame or picture rather than needing two images to determine the velocity 

fluctuations around the bubble. Since this is more computationally efficient, this could aid 

in the rapid post-processing of video footage that has already been captured or in the real-

time processing of live video. It has to be noted that although the algorithms presented in 

this paper used the data corresponding to bubble deformation in turbulent jets, this data 

analysis pipeline and the process presented here could be expanded and used in other 

fluidics systems as well. 
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8 Appendix A Machine learning based model to understand Ignition Capability of 

Mechanically Generated Sparks Landing in Fuel Beds 

In order to model whether the sparks generated by the grinder will cause ignition, 

machine learning can be used. The outcome of the generated model should respond 

whether the generated sparks will cause ignition or not. Since the outcome is predicting the 

occurrence of an event, rather than a value, this model is described as a classification 

model. Logistic regression, despite its name, is a classification model to estimate the 

probability of an event when the event belongs to a class. If the estimated probability is 

higher than 50%, then the model predicts that the event belongs to the class. The classes 

presented in this report are represented by whether the sparks cause any ignition. However, 

in this report, we focus on the probability output of the logistic regression and not the exact 

prediction of the model.  

Just like linear regression, logistic regression computes a weighted sum of the input 

feature with the following form:  

𝑃(𝑌 = 1|𝑥) =
1

1+exp (−(𝐴𝑇𝑥+𝑏))
       (A-1) 

Where 𝐴 = [𝑎1, 𝑎2, … , 𝑎𝑁] are the model weights of the input variables 𝑥 =

[𝑥1, 𝑥2, … , 𝑥𝑁]  . The constant b is often called a bias and modeled as 𝑏 = 𝑎0𝑥0 where 𝑥0 =

1.  The right-hand side of equation (A-1) is represented as sigmoid function 𝑆(𝐿) = 1/(1 +

exp(−𝐿)). The sigmoid function maps the numbers of the output of 𝐴𝑇𝑥 + 𝑏 (L) in to any 

number in range of [0,1]. Since the output range of the sigmoid function is a number 
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between zero and one, it can be also referred to as probability. Rewriting equation (A-2), 

it can be seen that Logistic regression is a linear model: 

L = ln (
𝑃

1−𝑃
) = 𝐴𝑇𝑥 + 𝑏        (A-2) 

Where ln (𝑃/(1 − 𝑃)) is known as the logit function.  From equation (A-2), it can be seen 

that the output of the logit function has a linear relation with the input variables 𝑥.  

8.1 Dataset Preparation 

All the data that is provided in the general dataset are not suitable for the logistic 

regression model. The dataset should be reduced to remove any non-variable and irrelevant 

parameters and it should be reformatted in a way that the variables are suitable for the 

logistic regression model. Afterward, the dataset should be divided into test datasets, and 

train datasets. Also, the outputs of the datasets should be separated from the input of the 

datasets.  

8.2 Data Reduction 

Some of the data values remain consistent throughout the data sets. Therefore, to avoid 

redundancy, these data values are removed from the data sets.. Table (7.1) demonstrates 

the data that is removed from the datasets  

 

 

 

 



 

169 

Table 8-1 Data Removed 

DATA Datasets That are 

Removed From 

Reason for Removal 

Abrasive Disk 

Material 

 

All the datasets  The disk material is constant throughout 

all the experiments  

RPM All the datasets  The RPM of the grinder is kept constant 

through the experiments  

Wind All the datasets All the datasets are without the 

introduction of wind  

Distance datasets 1&2 The distance was kept constant for the 

first two datasets 

Initial disk and bar 

temperature 

All the datasets The initial bar and disk temperature is the 

same as the ambient temperature  

8.3 Data Reformatting 

Logistic regression requires the data to be formatted so that it may be treated as 

numbers. Therefore, variables such as fuel name and bar material name should be 

reformatted to meet the criteria. For the bar material, the important heat transfer properties 

are thermal conductivity, heat capacity and density which all can be combined in the form 

of  thermal diffusivity 𝛼 = 𝑘/(𝜌𝑐𝑝). Therefore, the mentioned heat transfer properties can 

serve as representation for the bar material. For the fuel name, the fuels are encoded into 

numeric labels.  

8.4 Data Splitting 

The dataset should be divided into test and train sub-datasets.  The train sub-dataset 

is used to acquire the logistic regression model parameters, and the test sub-dataset is used 

to evaluate the model. The main reason for splitting the dataset is because the model should 

be tested using an independent data set. Moreover, the sub-dataset should be selected in 
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such a way that each of the data sets could cover most of the main features of the dataset. 

Therefore, the data should be selected randomly from the datasets.   

As it is shown in equation (A-1), logistic regression takes the inputs of 𝑥 =

[𝑥1, 𝑥2, … , 𝑥𝑁] and gives the output as a probability. The output of the logistic regression 

should be in a binary format. If the flaming or smoldering time is larger than the ignition 

time, then the experiment is classified as if there was no flaming or smoldering. Since the 

time of each experiments was around 5 minutes, if no flaming or smoldering was observed, 

the time is set to a very large number for example 300 or 100000. It is obvious that the 

appropriate threshold has the value less of than 5 minutes and will not classify all the 

dataset in a single group (all the time smoldering or flaming occurred). 

8.5 Source Code 

Python programing language is used to generate the logistic regression model. In this 

section, the source code is explained along with various libraries that were utilized in 

developing this model. This section is not a python tutorial and is intended only to explain 

various parts of the script. 

The script utilizes various python libraries. The two major libraries which are used 

are Pandas and Scikit-learn. Pandas is an opensource BSD-licensed library sponsored by 

NumFOCUS, which provides easy to use data structures and data analysis for Python. 

Scikit-learn is a BSD-licensed library for the Python programming language. The typical 

python script starts with importing the necessary packages from core libraries.  
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import pandas as pd 

from sklearn import preprocessing 

from sklearn.linear_model import LogisticRegression 

from sklearn.model_selection import train_test_split 

from sklearn.externals import joblib 

from sklearn import preprocessing 

Using the read_excel function in pandas library, the datasets are imported: The main 

code is designed to read data in the “.xlsx” file format. 

DATA=pd.read_excel('Data_Frame1.xlsx') 

After reading the dataset, it is required to split the dataset into inputs and outputs. Since 

the inputs give two outputs of flaming and smoldering, two different models are made, one 

for the probability of smoldering and one for the probability of flaming.   

Inputs=DATA.drop(['Smoldering Time','Flaming Time'],1) 

F=DATA['Flaming Time']  

S=DATA['Smoldering Time'] 

As mentioned in the reformatting section, a threshold is required to classify the 

outcome as binary classes. The flaming threshold time is defined as 𝐹_𝑡 and the smoldering 

threshold time variable is defined as 𝑆_𝑡 . For the remainder of this script, we set the 

threshold time variable at 60 seconds, but may be modified by the user. 

F_t=float(Ft.get()) 

F[F>F_t]=0 

F[F<>0]=1                     

S_t=float(St.get()) 

S[S>S_t]=0 

S[S<>0]=1 

Now that the outcomes of the datasets are set as a binary class, it is required to encode 

the fuel names into labels which could be used in logistic regression model.  This is done 

by using scikit-learn preprocessing package  
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Fuel_Type=preprocessing.LabelEncoder() 

Fuel_Type.fit(Inputs['Fuel Name']) 

Inputs['Fuel Name']=Fuel_Type.transform(Inputs['Fuel Name']) 

 

After reformatting all the dataset, the dataset should be divided into test and trail sub-

datasets. We set 10 percent of the main data to be the test sub-dataset.  

X_F_train,X_F_test,F_train,F_test=train_test_split(Inputs,F,test_

size=0.1) 

X_S_train,X_S_test,S_train,S_test=train_test_split(Inputs,S,test_

size=0.1) 

Logistic regression model should be trained using the train datasets; this is done by 

using the logistic regression function in scikit learn linear model package 

model_F=LogisticRegression() 

model_F.fit(X_F_train,F_train) 

model_S=LogisticRegression() 

model_S.fit(X_S_train,S_train) 

The logistic regression class has various properties and features which can be modified. 

The model’s precision and the score could be checked by calling the score property of the 

dataset on the test data.  

model_F.score(X_F_test,F_test) 

model_S.score(X_S_test,S_test) 

8.6 Prediction Program 

The logistic regression model generated in the source code is embedded in a 

prediction program. The program has a graphical user interface which uses the logistic 

regression model to predict the probability of flaming or smoldering. It also has the 

functionality to reproduce the logistic regression model using extended datasets. The 

prediction program “***.exe” only requires three sets of datasets “.xlsx” to run. The format 
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of the datasets is the same as the end of this appendix. Figure (6.1) demonstrates the default 

window of the program  

 

 (a) 

 

 (b) 

Figure 8.17 (a) The main window of the program, (b) The generate new model option 

in the program 

The first step consists of generating models using the datasets. To do so, the generate 

new model option can be selected from the File menu. Doing so, the following window 

will open 
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Figure 8.2 Model generation window 

In this window, there is an option to select the threshold time in seconds for the logistic 

regression model to use for prediction. Afterward, the dataset used by the logistic 

regression model to generate the datasets should be selected. If correctly performed, two 

.pkl files will be generated for each dataset and threshold time , and one .pkl file is generated 

for the label encoder . These .pkl files are the core files associated with the model , which 

the main logistic regression prediction program uses.  

The main ignition prediction program, which is shown in Figure (6.3), lets the user 

select the fuel from a list of fuel available from the dataset. These fuels are based on the 

fuels available in dataset excel files. Based on the selection of the fuel, the user has the 

ability to input other parameters such as fuel moisture, total mass of the fuel, the material 

of the rod, the ambient temperature and relative humidity, and the distance between the 

grinder and the fuel bed.  After selecting the input parameters, as shown in Figure (6.3), 

the user should select the threshold time which the prediction software should use. The 

available options for this time are based on the thresholds selected in the generate model 

section. 
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Figure 8.3 Program window after selecting initial input parameters 

Figure (6.4) demonstrates the successful run of the program. The complete output 

window will show the probability values of flaming and smoldering. It also shows the 

coefficients and bias (intercept) associated with the model which was used for the 

prediction. It also shows the input functions which the model used for the prediction. 




