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ABSTRACT 

 Advances in engineering and technology have made acoustic detection of 

submarines increasingly difficult. Using hydrodynamic signatures created by propagating 

submarines is an alternative method for submarine detection. Detection based on 

hydrodynamic signatures may also offer unique tactical advantages, given the tendency 

of wakes to persist for long timescales. Artificial neural networks trained on velocity field 

data show promise to automate detection. We used numerical simulations to generate 

velocity data on wake, jet, and convective turbulence. All these forms of turbulence have 

similar characteristics in the velocity field, yet their spectra reveal subtle differences that 

could be exploited for wake identification purposes. We then trained a convolutional 

neural network with the simulation results and demonstrated that neural networks can 

classify turbulent flows based on small-scale features with high accuracy. In particular, 

we find that the developed algorithms can successfully identify wakes in 92% of cases, 

which implies that the AI-based technology is viable and ready for the transition to the 

analysis of the experimental and field data. 
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I. INTRODUCTION 

A. MOTIVATION 

Sonar detection of submarines has become increasingly challenging in recent years 

due to advances in noise-reducing technology such as air-independent propulsion systems, 

noise-reducing tiles, and improved propeller screw design. The detection of hydrodynamic 

signatures produced by submarines may serve as a promising alternative to traditional 

means of submarine detection. It is well documented that aquatic organisms can detect 

hydrodynamic signals generated by moving submerged objects (Dehnhardt et al., 2001). 

This suggests that different flow patterns could be identified from local conditions alone. 

It is unclear what hydrodynamic features can distinguish submerged objects from 

environmental turbulent features. However, it may be possible to identify these features 

using the recently developed deep machine learning algorithms with image and pattern 

recognition capabilities. Such AI-based models, trained on the numerically generated or 

experimental data, would enhance submarine detection capabilities. 

B. BACKGROUND 

1. Relevant Dimensionless Parameters 

In studies of turbulent wakes, several non-dimensional parameters provide a means 

for quantifying the relative significance of various physical processes. For example, the 

Reynolds Number (Re) measures the relative contribution of advective and dissipative 

processes, as described in the following equation: 

Re =  
𝑈𝑈𝑈𝑈
𝜈𝜈

,                                                                   (1) 

where U is the velocity of the body, L is the length scale, and 𝜈𝜈 is the viscosity of the fluid. 

The Reynolds number determines the initial intensity of turbulence generated after the 

passage of a propagating object. For very small values of Re, viscous forces dominate, the 

flow is laminar, and the transfer of momentum occurs on molecular scales. Vortex 

shredding can occur at larger Reynolds numbers between 500 and 2000. At a critical value 

of Re, usually around 4000, the fluid becomes turbulent and disorganized, and the primary 
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mechanism of momentum transport is by turbulent structures. The turbulent structures 

contain kinetic energy which cascades from the largest turbulent structures to smaller 

structures and continues until viscous forces dissipate the energy into heat at the viscous 

scale.  

The Froude number (Fr) describes the relative strength of inertial and buoyancy 

forces, as described by the following equation: 

Fr =  
𝑈𝑈
𝑁𝑁𝑁𝑁

,                                                                      (2) 

where the Brunt-Väisälä frequency, N, is defined as: 

𝑁𝑁 =  �−𝑔𝑔
𝜌𝜌
𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑

,                                                                     (3) 

where g is the gravitational acceleration, and ρ is the density of the fluid. When the Froude 

number is less than unity, buoyancy forces dominate the flow, and the wake is flattened by 

the stratification of the system. Chomaz et al. (1993) demonstrated the effects of the Froude 

number through a series of laboratory experiments. They showed that the typical wake 

structure has a larger vertical extent at larger Froude numbers until the Froude number 

reaches a critical value of one. Above this value, the flow is dominated by lee waves until 

the Froude number increases to 1.5, where turbulent wake structures reappear. These 

structures are initially uninfluenced by stratification until the time since passage exceeds a 

buoyancy period at which point the wake will begin to flatten as before. Once the Froude 

number surpasses 4.5, Chomaz et al. (1993) found that this initial turbulent flow resembles 

a turbulent flow in the homogenous fluid.  

2. Wake Turbulence 

The turbulent vortices produced by a propagating submerged object are well studied 

in numerical simulations (see Gourlay et al., 2001; Dommermuth et al., 2002; Diamessis 

et al., 2005; Diamessis et al., 2011; Chongsiripinyo et al., 2017) and laboratory experiments 

(see Afanasyev, 2004; Bonneton et al., 1993; Chomaz et al., 1993; Lin et al., 1992; Meunier 

& Spedding, 2006; Spedding, 1997; Spedding et al., 1996a,b). In particular, Spedding 

(1997) demonstrated that the wake of a propagating object undergoes three stages: the near 
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wake, the non-equilibrium (NEQ) regime, and the quasi-two-dimensional wake. The near 

wake appears as a flow with isotropic turbulence that expands horizontally and vertically. 

As the turbulence decays, the flow transitions to the NEQ regime, which is characterized 

by the increasing influence of buoyant forces compressing the isotropic turbulent 

structures. This phenomenon was observed in fluids with initial Froude numbers ranging 

from 1 to 240 (Spedding 1997), indicating that transitioning to the NEQ regime occurs 

even when the initial Froude number is high. Eventually, vertical motions are minimized 

in the far wake, and the previously isotropic structures are suppressed into a quasi-two-

dimensional state where pancake vortices are observed (Spedding 1997). 

Turbulent wake structures created from propagating submerged bodies behave 

similarly and quickly display some degree of organization. Early wake structures are 

dependent on the shape of the propagating body initially but lose the memory of the 

geometry of the propagating body over time (Meunier and Spedding 2004). The structure 

of vortices shedding from the propagating body is sensitive to the Reynolds number. As 

the Reynolds number approaches infinity, the radii of the vortical core systematically 

decrease, while their vorticities increase unbounded. Then many of these vortices undergo 

a spin-down, an increase in radii, and may interact or merge with other vortices (Lewis and 

Radko 2020). As the wake decays, the coherent structures of the isotropic turbulence persist 

while small-scale vorticity fluctuations dissipate (Spedding 2014). It may be possible to 

distinguish these persistent structures from environmental turbulence by studying the flow 

patterns, but this requires expertise. We can compare turbulent wake structures with those 

created from other sources of ambient turbulence in the ocean to uncover unique 

characteristics of turbulent wakes that could be used for detection.  

3. Other Sources of Turbulence 

Ambient ocean turbulence can be generated by a variety of processes, either 

internally or through interactions with the ocean boundaries. Internally generated 

turbulence could potentially be generated by a shear flow from a jet or an internal wave. 

Turbulence generated at the boundaries would include processes such as tidal flows over 

the sea-floor, convection resulting from cooling at the surface boundary, geothermal 
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heating, or wind-induced turbulence near the surface. The author recommends Thorpe 

(2007) for a general overview of oceanic turbulence. To compare wake turbulence with 

turbulence generated from other sources, we consider turbulent flow generated from jets 

and wave breaking as examples. 

a. Jets 

Many numerical simulations examining turbulent stratified wakes are initialized 

with a jet, by prescribing a mean velocity profile and small perturbations. However, 

differences between turbulent jet flows and stratified wakes can be substantial. The 

systematic dissimilarities of structures that emerge in late evolutionary stages could be used 

to distinguish between turbulent jet and stratified wake flows. Analysis of the numerical 

simulations shows that jet and late wake flows are generally consistent in terms of the 

temporal evolution of the length and velocity scales. Turbulent wakes, however, are 

affected by a solid boundary of an object that could form a viscous boundary layer, 

permitting the development of small-scale features initially. In jets, eddies are determined 

at jet scales and then cascade into smaller scales over time. Since the small structures in 

the wake dissipate due to stratification, it follows that a turbulent jet would resemble a 

stratified late wake. This reasoning supports the approximation of the late wake with a 

numerically simulated jet demonstrated by Radko and Lorfeld (2018). Any differences 

between stratified wakes and jets uncovered in this study should be examined and 

considered before drawing conclusions about stratified wakes based on simulated jet flows. 

Nonlinear interactions and dynamic instabilities amplify perturbations in the mean 

velocity of jets, developing into turbulence. The surrounding fluid becomes entrained into 

the turbulent flow. Turbulent structures generated from jets produce Intense Vortical 

Structures (IVSs) and Large Vortical Structures (LVSs). IVSs are structures with 

particularly high vorticity, defined as vortical structures with the highest 1% vorticity of 

the flow (Jiménez et al. 1993). LVSs are the largest vortical structures in the flow. The 

radius, length scales, and lifetime of LVSs are related to the instabilities that generated 

them, however they generally have a tubular shape and are governed by inviscid laws. The 
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LVSs define the outer edge of the jet, known as the Turbulent-Nonturbulent Interface 

(TNTI), which is a thin region that separates turbulent flow from the irrotational fluid.  

b. Internal Wave Breaking 

Internal waves can induce convective or shear turbulence following the breaking of 

an internal wave, where strong oscillations of density in the water column can lead to 

instability. Dense water can be displaced over light water until the wave breaks and the 

flow becomes turbulent. Because internal waves are generated by tides, the available 

turbulent features have frequencies between the inertial frequency and the Brunt-Väisälä 

frequency. Garrett and Munk (1972, 1975, 1981) provided a detailed model for the 

dissipation of energy in this inertial range. More recently, numerical simulations have 

offered an opportunity to explore the characteristics of the turbulent patches generated from 

internal waves. For example, Yakovenko et al. (2011) showed that these turbulent 

structures can persist for long periods and are not dissimilar from late wakes. To develop 

a means to distinguish between persistent turbulent structures such as these and a wake, we 

turn to artificial neural networks. 

4. Machine Learning Applications to Turbulence Identification 

Despite the wide applicability of machine learning to pattern recognition, there 

have only been a few attempts to apply Artificial Neural Networks (ANN) to turbulence. 

Early applications for object detection in natural images included face detection and 

localization in images (Vaillant et al. 1994) and facial recognition (Lawrence et al. 1997).  

The image recognition has since been expanded to turbulence modeling; Zhang and 

Duraisamy (2015) used a standard feed-forward neural network to model the functional 

terms in Reynolds Averaged Navier-Stokes calculations, finding that the spatial functional 

correction term to RANS and was well represented by the neural network. This 

demonstrated that machine learning can be a valuable tool for analyzing turbulent flows. 

Moreover, ANN has also been used to distinguish between turbulent flows of an oscillating 

air flow by feeding time-series data of the vorticity field into a network (Colvert et al. 

2018). The network was able to classify the wake type generated by the oscillating air flow 

from local measurements alone with at least 90% accuracy. 
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Given the similarities between LVSs of various turbulent flows and the lack of 

memory in vortical structures in the intermediate and late wakes, detection of a wake from 

local measurements is difficult. This study has found that convolutional neural networks 

are able to distinguish unique characteristics of a wake’s velocity field from environmental 

turbulence. Chapter II will describe the numerical simulation methodology used to create 

data samples for the wake and environmental turbulence. Chapter III will discuss the results 

of the numerical simulations. Chapter IV will detail the convolutional neural network used 

in this study. Chapter V will provide the results of the training and validation of the neural 

network. Chapter VI will offer a discussion and conclusion of the results. 
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II. NUMERICAL SIMULATIONS METHODOLOGY 

We employ the Massachusetts Institute of Technology General Circulation Model 

(MITgcm), which is a flexible computational fluid dynamics solver that can simulate 

oceanographic phenomena from basin-wide scales to micro-scales (Marshall et al. 1997). 

MITgcm uses a finite-volume method and can be configured to solve the equations of 

motion using the Boussinesq approximation. These equations of motion are given by 

∇ ∙ 𝐮𝐮 = 0,                                                                      (4) 

𝜌𝜌−𝜌𝜌0
𝜌𝜌0

=  −𝛼𝛼(𝑇𝑇 − 𝑇𝑇0),                                                           (5) 

∂𝑇𝑇
∂𝑡𝑡

+ 𝐮𝐮 ∙ ∇𝑇𝑇 = 𝑘𝑘T∇2𝑇𝑇 + 𝑄𝑄,                                                      (6) 

∂𝐮𝐮
∂t

+ 𝐮𝐮 ∙ ∇𝐮𝐮 =  − 1
𝜌𝜌0
∇𝑝𝑝 − 𝜌𝜌

𝜌𝜌0
𝑔𝑔𝐤̂𝐤 + 𝜈𝜈∇2𝐮𝐮 + 𝐹𝐹𝐢̂𝐢,                                  (7) 

where 𝐮𝐮 is the velocity vector, ρ is density, 𝜌𝜌0 is a reference density, 𝛼𝛼 is the thermal 

expansion coefficient, T is temperature, 𝑘𝑘T is the thermal diffusivity, 𝐤̂𝐤 is the unit vector in 

the z-direction, 𝐢̂𝐢 is the unit vector in the x-direction, and 𝑣𝑣 is the kinematic viscosity. 

Equation 4 describes mass continuity, Equation 5 is the linear equation of state, Equation 

6 describes the temperature evolution, and Equation 7 is the momentum evolution equation. 

The Q and F terms are external heating and forcing functions, respectively, which are used 

to generate turbulence.  
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a)

 

b) c)  

Figure 1. The simulation domain, where Lx is the length of the domain in 
the x direction, Ly is the length of the domain in the y direction, and Lz is 
the length in the z direction. The green arrows demonstrate the positive 
direction for x, y, and z. Panel a) depicts the simulated wake, panel b) depicts 
the simulated jet, and panel c) depicts the convection simulation. 
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Table 1. Domain parameters 

 Wake Jet Convection 
Parameter Value Value Value 
Viscosity 
(𝝂𝝂) 

4.5 × 10−3m2s−1 8.0 × 10−3m2s−1 1.0 × 10−1m2s−1 

Thermal 
diffusivity 
(𝒌𝒌𝑻𝑻) 

4.5 × 10−3m2s−1 8.0 × 10−3m2s−1 1.0 × 10−1m2s−1 

Thermal 
expansion 
coefficient 
(𝜶𝜶) 

2.0 × 10−4°C−1 2.0 × 10−4°C−1 2.0 × 10−4°C−1 

Domain 
length in x 
(Lx) 

938.7m 117m 117m 

Domain 
length in y 
(Ly) 

100m 100m 100m 

Domain 
length in z 
(Lz) 

100m 100m 100m 

𝑨𝑨𝐮𝐮 - 1 m/s - 
𝑨𝑨𝐜𝐜 - - 7m°C 
σ 5m 5m 5m 

 
 

Each simulation is run in a three-dimensional domain in x, y, and z with a 

background temperature gradient of 0.03°Cm-1 and with small perturbations taken from a 

uniform distribution. All simulations have 0.33 m resolution in all spatial directions. Figure 

1 depicts the simulated domain for all cases. We define Lx, Ly, and Lz as the lengths of the 

domain in the x, y, and z directions, respectively. The domain sizes for each simulation are 

included in Table 1, which fully describes the characteristic parameters of each simulation. 

A. PROPAGATING OBJECT 

To study the turbulence of a wake, an ellipsoid is towed through a quiescent 

medium at a velocity 𝑢𝑢b along its longest axis. The forcing F is defined as 
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𝐹𝐹 =  �
𝑢𝑢−𝑢𝑢b
𝜏𝜏

, inside object,
0, elsewhere,

                                                           (8) 

where 𝜏𝜏 is the relaxation time over which the body velocity is 7ms-1. The propagating object 

has an ellipsoidal geometry, bounded by 

1 < (𝑥𝑥−𝑥𝑥b)2

𝜎𝜎x2
+ (𝑦𝑦−𝑦𝑦b)2

𝜎𝜎2
+ (𝑧𝑧−𝑧𝑧b)2

𝜎𝜎2
,                                                 (9) 

where 𝑥𝑥𝑏𝑏, 𝑦𝑦𝑏𝑏, and 𝑧𝑧𝑏𝑏 describe the position of the propagating body, σ is the length of the 

principle semi-axes in y and z, and 𝜎𝜎𝑥𝑥 is the principle semi-axis in x. Additionally, we 

implemented an immersed boundary condition at the surface of the ellipsoid. We assign σ 

as 5m, and 𝜎𝜎𝑥𝑥  as 50m for naval relevance. The position of the propagating ellipsoid in the 

x coordinate is given by 

𝑥𝑥b = 𝑢𝑢b𝑡𝑡 + 𝑥𝑥0,b,                                                            (10) 

where 𝑥𝑥0,b is the starting point in x, which is 100m away from the -x boundary. The origin 

of the domain is set to be the surface point at the -x, -y vertex. The position of the body in 

y,  𝑦𝑦b, is 100m, and the position in z, 𝑧𝑧b, is -50m. 

B. JET 

To generate a form of turbulence to contrast with the wake, we consider the 

turbulence generated by a continuously forced jet. We simulate a jet flow by creating an 

initial velocity profile defined as  

𝑢𝑢� = 𝐴𝐴u𝑒𝑒
−(𝑦𝑦−𝑦𝑦0)2−(𝑧𝑧−𝑧𝑧0)2

𝜎𝜎2 ,                                                       (13) 

where 𝑢𝑢� is the bulk velocity in the x-direction, 𝐴𝐴u is the amplitude of the jet (1m/s) at the 

jet axis center, and σ describes the characteristic radius of the jet, which we placed at 𝑦𝑦0 =

50m and 𝑧𝑧0 = −50m. The jet amplitude is perturbed by a small sinusoid along the x 

direction to seed instability. We continuously force the jet and allow perturbations to 

evolve into turbulence over time. The forcing for the jet, F, is given by 
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𝐹𝐹 = 𝛾𝛾u
𝜏𝜏
𝑢𝑢� ,                                                                 (14) 

where γu is defined as 

𝛾𝛾u =  −  ∫(𝑢𝑢−𝑢𝑢�)𝑢𝑢�𝑑𝑑𝑑𝑑
∫𝑢𝑢�2𝑑𝑑𝑑𝑑

,                                                        (15) 

which allows us to adjust the mean velocity without affecting the microstructures that are 

valuable to this study. 

C. CONVECTION 

As our second example of non-wake turbulence, we continuously generate 

convective motions by localized heating and cooling. To produce convective turbulence, 

we forced a dipole in the temperature field, with a region of persistent cooling directly 

above a region of persistent heating. This forcing generates local instability, driving 

vertical motions and turbulent flow. Persistent thermal forcing, Q, was introduced to induce 

convection and is defined as follows: 

𝑄𝑄 = 𝛾𝛾c
𝜏𝜏
𝑇𝑇�,                                                               (16) 

where 𝛾𝛾𝑐𝑐 is given by 

𝛾𝛾c =  −  ∫�𝑇𝑇
′−𝑇𝑇��𝑇𝑇�𝑑𝑑𝑑𝑑
∫𝑇𝑇�2𝑑𝑑𝑑𝑑

,                                                    (17) 

and 𝑇𝑇� is the desired temperature dipole, described by  

𝑇𝑇� = −2𝐴𝐴c
𝜎𝜎2

(𝑧𝑧 − 𝑧𝑧0)𝑒𝑒
−(𝑦𝑦−y0)2−(𝑧𝑧−𝑧𝑧0)2

𝜎𝜎2 ,                                      (18) 

where 𝐴𝐴c determines the amplitude of the convective forcing, and T’ is the thermal 

perturbation away from the horizontally averaged temperature field (〈𝑇𝑇〉), given by 

𝑇𝑇′ = 𝑇𝑇 −  〈𝑇𝑇〉.                                                        (19) 
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Stratification-driven turbulence such as this likely carries different signatures than the wake 

and jet cases as forcing is largely vertical for convection and horizontal for wakes and jets. 
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III. SIMULATION RESULTS 

Figure 2 displays the x component of the velocity field, u, of the simulation with an 

ellipsoid propagating at 7 m/s. At early times, the flow around the body is laminar prior to 

the onset of turbulence, which is evidenced by the structure of the wake at x < 200m. Soon 

thereafter, near wake turbulence forms behind the propagating ellipsoid (see Figure 2a) and 

remains in the domain throughout the simulation. The laminar feature near x=200m is a 

startup transient, and so we only use data after x=300m for analysis. The near wake 

structures have not yet experienced the effects of buoyancy forces and therefore have not 

yet transitioned to intermediate wake structures. We see that the smallest scale features 

created immediately after the passage of the body dissipate quickly, and the larger features 

persist and are generally the same size as each other. These characteristics uncovered from 

studying near wake turbulence will serve as a baseline for turbulent wake classification. 

We now consider the turbulent structures generated from environmental flows for 

comparison. 

 
 
a) 

 
 
b) 

 
 
c)

 
Figure 2. The x component of the velocity field at y = 100m, u, of the 
ellipsoid case with 𝑢𝑢𝑏𝑏 = 7m/s after a) 30 seconds b) 75 seconds and c) 110 
seconds.  
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a) b)     

c) d)   
Figure 3. The x component of the velocity field, u, of a simulation with a 
continuously forced, 1 m/s jet. Panel a) shows a sinusoidal structure 
developing at 210 seconds. Panel b) shows the turbulent structures 
generated from instabilities in the sinusoidal displacements at 340 seconds. 
Panels c and d show the migration of the jet maximum in the positive x-
direction at 1860 and 1990 seconds, respectively. 

Figure 3 displays the production of turbulent flow from a continuously forced 1m/s 

jet. At the beginning of the simulation, the initial sinusoidal perturbations in the jet 

amplitude grow and large vortical structures form at the jet edges (see Figure 3a). Nonlinear 

interactions continue to influence the shape of the jet until the flow becomes turbulent (see 

Figure 3b). The early jet in Figures 3a and 3b is narrow, but it widens over time as fluid 

becomes entrained into the turbulent flow, which is evidenced by the broadened wakes in 

Figures 3c and 3d. The maximum extent of this turbulent flow is known as the 

Turbulent/Nonturbulent Interface (TNTI). The continuously forced jet continues to 

generate turbulent flow, with the most intense flow remaining in the vicinity of the jet axis. 

A jet maximum, a region of highest velocity, forms and migrates over time in the positive 

x-direction (see figures 3c and 3d). The presence of large vortical structures, the TNTI, and 

a jet maximum that migrates over time are defining features of the jet and could be used 
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for jet classification. This provides a useful comparison for turbulence generation of 

laterally driven flows. 

 
 

a) b)

c) d)  
 

Figure 4. The temperature field and x component of the velocity field for 
the convection case at 𝑡𝑡 = 188.5s and 𝑡𝑡 = 4470. The temperature field is 
displayed in Figures a) and c), respectively. The x component of the velocity 
field, u, for the same times are shown in b) and d), respectively. 

For vertically driven flows, we find that persistent forcing of convection also 

produces turbulent structures from a stratified fluid. The temperature field, shown as the 

difference of temperature from the surface temperature, ΔT, in Figure 4a shows fluid with 

fairly uniform temperature in the center, where plumes of warm and cool fluid have 

introduced mixing. There remains fluid that has not been mixed by convective turbulence 

near the upper and lower boundaries, which remains stratified. Away from this boundary 

layer, the turbulence fills the domain isotropically, which distinguishes it from wake or jet 

turbulence. The development of turbulence that is isotropic over large scales may be used 

to classify this source of turbulent mixing. 
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a) b)  
Figure 5. The panel a) depicts the energy density mean, mean plus one 
standard deviation, Eσ, and mean minus standard deviation for a jet. The 
panel b) depicts the energy density mean, mean plus one standard deviation, 
and mean minus standard deviation for convection.  

Figure 5 shows the kinetic energy density spectra of environmental turbulent flows, 

which help to identify properties of turbulence that might help to classify these systems. 

To determine the kinetic energy density, we define the specific kinetic energy, K, as 

𝐾𝐾 = 1
2

(𝑢𝑢2 + 𝑣𝑣2 + 𝑤𝑤2),                                                    (20) 

from which the kinetic energy density at position 𝑥𝑥 and at time t is given by 

𝐸𝐸𝑘𝑘�𝑡𝑡, 𝑥𝑥, 𝑘𝑘𝑦𝑦,𝑘𝑘𝑧𝑧� = ℱ(𝐾𝐾(𝑡𝑡, 𝑥𝑥,𝑦𝑦, 𝑧𝑧)),                                            (21) 

where 𝑘𝑘𝑦𝑦  and  𝑘𝑘𝑧𝑧 are the y and z components of the wavevector, k, and ℱ is the two-

dimensional discrete Fourier transform in y and z. We separate k into 50 discrete bins, 

where the ith bin has a wavenumber of  𝑘𝑘𝑖𝑖 = 𝑖𝑖 𝑘𝑘max
50

 for 𝑘𝑘max = 9.4. The mean kinetic 

energy in each bin, 𝐸𝐸�𝑘𝑘(𝑡𝑡, 𝑥𝑥,𝑘𝑘𝑖𝑖), is the mean of 𝐸𝐸𝑘𝑘�𝑡𝑡, 𝑥𝑥,𝑘𝑘𝑦𝑦,𝑘𝑘𝑧𝑧� for all modes that meet the 

condition 𝑘𝑘𝑖𝑖  <  �𝑘𝑘𝑦𝑦
2 +  𝑘𝑘𝑧𝑧

2  < 𝑘𝑘𝑖𝑖+1 . These two-dimensional spectra are calculated from 

slices taken normal to the x-axis at 33m intervals. We calculate the mean and standard 

deviation, Eσ, of the spectra from these slices, and then plotted the mean, mean plus 

standard deviation, and mean minus standard deviation to indicate the typical range of 

energies at any given wavenumber. The energy injection scale for both cases is at 

wavenumber 0.63m−1, determined by the size scale of the forcing (2𝜎𝜎). In the inertial 
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range between the injection scale and the Kolmogorov length scale, energy cascades from 

the injection scale to higher wavenumbers where larger turbulent structures break into 

smaller structures until they reach the Kolmogorov length scale, whereafter viscous 

dissipation dominates. We assume the model can resolve features up to the Kolmogorov 

length scale. We also see energy at smaller wavenumbers than the injection scale, which 

indicates an inverse energy cascade.  

 
Figure 6. The energy density spectra of the wake case in blue at various 
times since the passage of the propagating ellipsoid (indicated in the 
legend), mean convection in a red line, and mean jet in a magenta line. The 
colors of the wake spectra become lighter as the time since object passage 
increases. 

In Figure 6, we plot the spectra for varying times since the propagating body has 

passed, finding that as time elapses, the kinetic energy density decreases. These two-

dimensional spectra are calculated from slices taken normal to the x-axis at 33m intervals 
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starting at x = 333m to ignore the startup transient feature. The general shape of the 

spectrum in the wake case shows a gradual decrease in slope to contrast the power law of 

convective turbulence. We also see variability in the energy density structure of the wake 

case. For example, a local minimum exists at wavenumber 0.5m-1 for the spectrum 

calculated at 6.2 seconds since the passage of the propagating body. Other spectra do not 

appear to have such a local minimum, such as the spectra calculated at 34.5 seconds since 

the passage of the propagating body. Since the inertial range of the spectra differs between 

the wake case and the environmental cases, especially at higher wavenumbers, an artificial 

neural network may distinguish wake turbulence from environmental turbulence based on 

small-scale features.  
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IV. ARTIFICIAL NEURAL NETWORK METHODOLOGY 

Artificial neural networks process a series of inputs through a sequence of “layers,” 

which analyze the data, identify persistent patterns, and produce a series of outputs. Each 

layer in the network takes its inputs and produces its own outputs using trainable 

parameters. These parameters are adjusted until the network yields the optimal results 

during a training phase. In a fully connected layer, the output of each layer consists of a set 

of nodes that are connected via a neuron to each node in a previous layer, which has an 

input value s. The layer will multiply s  by a weight matrix (W) and add a bias vector, b, to 

create a new set of values, q. This process can be represented by the following expression: 

𝑞𝑞𝑖𝑖𝑖𝑖 =  𝑊𝑊𝑖𝑖𝑖𝑖𝑠𝑠𝑖𝑖𝑖𝑖 + 𝑏𝑏𝑗𝑗 .                                                    (22) 

The resulting values are then fed through an activation function to normalize or otherwise 

constrain the results. In our case, this activation function is the rectified linear unit (ReLU), 

where any input less than zero is set to zero, such that  

ReLU�𝑞𝑞𝑖𝑖𝑖𝑖� = �
0,         𝑞𝑞𝑖𝑖𝑖𝑖 < 0,
𝑞𝑞𝑖𝑖𝑖𝑖,       𝑞𝑞𝑖𝑖𝑖𝑖 ≥ 0.                                            (23) 

The process continues in each layer, and the last layer provides the classification 

determination. The activation function in the final layer is the “softmax” function which is 

given by 

𝑐𝑐𝑖𝑖 = softmax(𝑞𝑞𝑖𝑖) =  exp(𝑞𝑞𝑖𝑖)
∑ exp (𝑞𝑞𝑗𝑗)𝑘𝑘
𝑗𝑗=1

                                    (24) 

The sum of these outputs layer is unity, so the final result of the classification layer, 𝑐𝑐𝑖𝑖, is 

the probability that the input belongs to class i. During the training phase, 𝑐𝑐𝑖𝑖 equals one if 

the image belongs to class i and zero otherwise. While the system is training on the input 

data, the algorithm will adjust values of W and b in each layer to minimize error. In a 

supervised approach, the results of the predicted output of the algorithm are compared to a 

known output that the user creates. Large input data sets, such as pixels in a group of 

images, require more layers to simplify complex patterns (Theobald, 2017). After the 

training phase, the network goes through validation to determine the accuracy of the model. 
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Separate input and output data are reserved for the validation phase, and not used during 

the training phase.  

During the training phase, the algorithm minimizes the loss of the network, defined 

using a cross-entropy function: 

loss =  −1
𝑆𝑆
∑ ∑ 𝑤𝑤𝑖𝑖𝑡𝑡𝑖𝑖𝑖𝑖ln𝑐𝑐𝑖𝑖𝑖𝑖𝐾𝐾

𝑖𝑖=1
𝑆𝑆
𝑙𝑙=1                                             (25) 

in the classification layer, where S is the number of samples, K is the number of mutually 

exclusive classes, 𝑤𝑤𝑖𝑖 is the weight for class j (unity in this study), 𝑡𝑡𝑖𝑖𝑖𝑖 is unity if sample l is 

a member of class i and zero otherwise, and 𝑐𝑐𝑖𝑖𝑖𝑖 is the output of the softmax layer for sample 

l. The algorithm determines the weights and biases of the network to minimize the loss of 

incorrectly classified samples using stochastic gradient descent with a momentum 

optimizer. After the training phase, the network is used for classifying the reserved 

validation data set. The accuracy of the network classification is determined by taking the 

sum of correctly classified data divided by the total number of samples in the validation 

set. 

A. CONVOLUTIONAL NEURAL NETWORKS 

ANNs that employ convolution for mathematical analysis are called convolutional 

neural networks (CNN). Convolution is useful for the application of machine learning to 

image datasets because the same convolution filter is applied at every position in the input. 

This permits the network to identify common features with lower storage requirements 

than traditional neural networks. This is due to the convolution being equivariant to 

translation. This property of convolution is valuable to analyze a feature in an image that 

moves through time, for example (Goodfellow et al. 2016). We employ the use of a 

convolutional neural network to identify unique turbulent structures between those created 

by a propagating ellipsoid, a jet, and convection. The MATLAB Deep Learning Toolbox 

(The MathWorks, Inc 2018) is used to define the neural network architecture, train and 

validate the network, and compute the accuracy of the model.  

After the convolutional layer, a batch normalization layer is typically used to 

normalize the results prior to the rectified linear unit activation function. The batch 
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normalization layer normalizes a small batch of data for all observations for each channel 

independently by subtracting the mean of a batch and dividing the results by the batch 

standard deviation. This provides the algorithm with an offset β and scale factor µ, which 

are learnable parameters that update during network training. The key feature of the batch 

normalization layer is that it normalizes the activations and gradients propagating through 

the network, making the classification optimization problem easier.  

 

B. DATASET PREPARATION 

 
Figure 7. Samples for each case of the normalized x component of the 
velocity field. The first two columns show wake samples, the 3rd and 4th 
columns show jet samples, and the 5th and 6th columns show convection 
samples. 

The inputs to the convolutional neural network are taken from slices of the 

simulations presented in Chapter III. The temperature and all components of the velocity 
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field are gathered at varying times and slice displacements specific to the individual case. 

We base the slice displacements on the intervals at which samples are decorrelated, 

approximately every 500m, 25m, and 200m for the wake, jet, and convection cases, 

respectively. The samples are then broken up into 17m-by-17m segments and then 

normalized by dividing each point by the root mean square (rms) of the sample. Figure 7 

shows two-dimensional samples of u as they would be used in the input layer of the network 

for each case. Some samples have features that encompass a large portion of the image, 

whereas some samples only have small features and others have both, which tells us that 

the samples provided the network with a variety of different length scales for analysis. 

C. NETWORK ARCHITECTURE 

The network has five types of layers: the input layer, the convolutional layers, the 

pooling layers, the fully connected layer, and the classification layer. The input layer takes 

a two dimensional sample of the u velocity field generated by the simulation. The data then 

go through each convolutional layer. If the input to a convolution layer is Nx by Nz, contains 

n channels, and the layer has m feature maps each of size Nx by Nz by n, the resulting output 

is Nx by Nz by m. Each subsequent channel represents the result of the convolution of the 

input with the associated feature map. To reduce computational load, we apply a pooling 

layer which reduces the complexity of the classification problem by separating the physical 

dimensions of the convolution results into rectangular pools and taking the maximum of 

the convolution results in that pool. The results of the third layer are sent to the fully 

connected layer, which connects each input to a potential classification. The activation 

function for the convolution layers is the rectified linear unit function. As the fully 

connected layer is the final layer in the system, the activation function is the soft max 

function. This yields the final probabilities for the classification. 
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Figure 8. A diagram of the network architecture. Each convolutional layer 
had a 7 by 7 filter. The first convolutional layer had 8 filters, the second 
layer had 16 filters, and the third layer had 32 filters. Each max pooling 
layer has a 2 by 2 pooling region. 

Input Layer

First Convolutional 
Layer
• Batch normalization layer
• ReLU layer

Max Pooling Layer

Second Convolutional 
Layer
• Batch normalization layer
• ReLU layer

Max Pooling Layer

Third Convolutional 
Layer
• Batch normalization layer
• ReLU layer

Fully Connected 
Layer Classification Layer
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V. CONVOLUTIONAL NEURAL NETWORK RESULTS 

Figure 9 contains the confusion matrix of the neural network after validation, 

showing the number of cases classified correctly and incorrectly. The model performs at 

an overall 98% accuracy. The highest error occurs when distinguishing jet turbulence from 

wake turbulence. We have demonstrated that the spectra are similar between these cases, 

indicating that the dynamic processes are analogous, and this could explain the 

classification error between wake and jet turbulence. There are no instances of the network 

mistaking wakes and convection. Wakes, jet turbulence, and convective turbulence are 

classified correctly 91.5%, 97.3%, 99.6% of the time, respectively, demonstrating that 

wake turbulence is the most difficult to classify and that convection is structurally distinct 

from the other cases, making classification of convective turbulence easier. To gain a better 

understanding of which features are important for classification, we now observe the 

strongest activation channels for each layer and identify which features are commonly 

highlighted for each case. 

 
Figure 9. The classification confusion matrix. Red indicates an erroneous 
classification and green indicates correct classification. 
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We display the channel with the strongest activations for several examples in  

Figure 10 for the wake simulations, which can provide insight into important features 

discovered by each layer. Each layer consists of a set of two-dimensional arrays called 

channels. The number of channels for each layer is determined by the number of feature 

maps used. The feature maps operate on each channel of the previous layer. The input 

images are the same examples provided in Figure 7. We can observe from these examples 

that the first layer smooths the input image. The second layer appears to highlight regions 

where velocities increase in z. The third layer has strong activation channels for high 

gradients between small-scale features. This is the last convolutional layer before the fully 

connected layer, so the output analysis of this layer which focuses on high gradient small 

scale features is important for wake classification. This suggests the small-scale features in 

the near wake are important for detecting wakes. 
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Figure 10. The strongest activation channels applied to the same wake 
samples in Figure 8. The original image is shown in the first column, then 
the strongest activation channels for the first, second, and third convolution 
layers proceed from left to right. 

Figure 11 provides an example of the strongest activation channels of each 

convolutional layer in the network for the jet case. The convolutional layers behave 

similarly as for the wake case by initially smoothing the field and highlighting sharp 

gradients over small scales. This similarity could explain the network’s confusion between 

the two flows. Even though there are similarities between wake and jet turbulence, we do 

observe that more features with weaker velocities are highlighted in the jet case when 

compared to the wake case. These weaker velocity features have large horizontal to vertical 
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aspect ratios, which suggests that turbulent jets create small-scale horizontal structures that 

may not be present in stratified wakes. To uncover important features of other turbulent 

sources, we turn now to convective turbulence as an example. 

 
Figure 11. The strongest activation channels applied to the same jet samples 
in Figure 7, displayed in the same manner as Figure 10. 

Figure 12 demonstrates the strongest activation channels for each convolutional 

layer of the convection samples provided in Figure 7. The convolutional layers highlight 

features in a similar way as in the other two cases, with the exception of the first layer, 
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which seems to invert some of the samples. The results show that the third convolutional 

layer has strong activations for areas with strong vertical gradients. In comparison to other 

sources of turbulence, horizontal features in convective turbulence do not appear as 

important to classification as is the case with turbulence generated by jets. In contrast with 

the wake case, the analysis of convective turbulence revealed that all strong vertical 

gradients are important, even those not associated with small-scale features. 

 
Figure 12. The strongest activation channels applied to the same convection 
samples in Figure 7 displayed in the same manner as in Figures 10 and 11. 
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VI. DISCUSSION AND CONCLUSION 

We have employed the Massachusetts Institute of Technology general circulation 

model to simulate wake turbulence and compared the results with turbulence generated by 

jets and convection. Visual comparison of the velocity field reveals that the turbulent flows 

between wakes, jets, and convection are similar, suggesting that wake detection from local 

measurements is difficult. The jet and wake spectra are similar except for smaller-scale 

features, which are more energetic in the jet case. These differences in the spectra suggest 

that small-scale turbulent features in the inertial range are important for classification. 

Given the differences of the spectra and the difficulty in visual classification, the 

identification of the wake and environmental turbulence is an ideal problem for artificial 

intelligence to solve. 

The neural network described in this study classifies turbulent flows based on the 

velocity field at high accuracy. In the samples taken from each case, the neural network 

identifies small-scale features to classify the turbulence. The analysis of the jet case shows 

that horizontal features with high vertical gradients are important for classification. This 

suggests that turbulent jets produce small-scale horizontal features which are different from 

structures generated by other turbulent flows. The greatest source of the classification error 

is the difficulty in distinguishing the jet and wake turbulence. This confusion may be 

attributed in part to the similarities between the two spectra. Finally, the neural network 

assigns much weight in the convection classification to any region with high vertical 

gradients. This implies that both large and small structures are important features of 

convective turbulence. These results show that it is possible to identify turbulence solely 

based on high-resolution spatial data, which complements the work of Colvert et al. (2018), 

who showed that similar machine learning processes could classify turbulence based solely 

on time-series data. These two schemes could potentially be used in tandem to gather more 

information for characterizing wakes. 

Demonstrating that turbulent structures are different among wakes, jets, and 

convection reveals that characteristics of turbulent structures may be dependent on the 

source that created them. Wind-generated shear flows or tides interacting with the seafloor 
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may have their own distinguishing characteristics. Ambient oceanic turbulence results 

from a wide range of processes which warrants further study to uncover unique structures 

produced by each process. Most importantly, data collected on these structures should be 

included in a neural network trained for wake detection. Any important features identified 

in these studies should be compiled into a dataset to provide diversity for future 

classification projects. 

Since the power spectra of turbulent wakes, jets, and convection presented in this 

study show differences, a neural network has been shown to classify the source of 

turbulence based on two-dimensional spectra alone. Of interest is whether this method 

would improve the classification problem, particularly between wakes and turbulent jets. 

The spectra of these cases were similar visually, but any distinguishing characteristics 

uncovered through machine learning techniques and should be considered when assuming 

these flows are similar in future work.  

More investigation is needed to determine if a neural network remains accurate in 

detecting intermediate and late wakes. Future studies that approximate stratified wakes 

with a jet should consider the differences between the flows uncovered by this study, 

particularly with small-scale features in the inertial range. For example, Diamessis et al. 

examined the power laws of an approximated isotropic wake using a jet with perturbations 

(2011), but we can see that the spectra for large wavenumbers in the inertial range have 

different power laws. More work is needed to understand the difference between turbulent 

jets and wakes to assess when approximating stratified wakes with turbulent jets is 

appropriate. In addition, our study is constrained to near wakes, so it would be valuable to 

investigate whether the neural network can detect salient features in late wakes because of 

their persistence. If successful, it may be possible to detect a wake at long time scales after 

the passage of a propagating submerged object. 

The ability to detect a submarine using local velocity measurements relieves the 

reliance of the Navy on passive sonar for antisubmarine warfare. As adversarial submarines 

advance their noise-masking technologies, acoustic detection becomes increasingly 

difficult, requiring innovative alternatives for detection. More laboratory and field work is 

needed to improve the extant hydrodynamic detection algorithms. The experimental data 
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can be analyzed using neural networks to compare classification accuracy between 

numerical and lab experiments. It would be valuable to determine whether hydrodynamic 

detection is still possible in regions where the wake-induced and environmental turbulence 

are concurrently active. Finally, more field work on a submarine wake (e.g., Moody et al., 

2017) is needed. Such efforts would provide definitive answers regarding the strengths, 

limitations, and prospects of submarine detection based on velocity field data collected in 

situ and processed using an artificial neural network. 
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