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Towards an Intelligent Energy Monitoring System for Autonomous
Underwater Vehicles

Conlan D. Edwards

(ABSTRACT)

In this thesis, we develop an approach to characterizing the uncertainty in energy use toward

development of a real-time intelligent energy monitoring system for an autonomous under-

water vehicle (AUV). The purpose of the intelligent energy monitoring system is to estimate

current energy onboard the AUV, estimate energy needed to complete a desired mission, and

to determine if and when the AUV should terminate the current mission and return to the

recovery location due low energy reserves. In this work, we examine the relationship between

water currents and energy used by the AUV, and we specifically address ways to characterize

the relationship between uncertainty in water currents and uncertainty in energy use. We

also examine the development of a battery model for the AUV, and test this model under

simulated and real world conditions. We also develop a model for predicting future energy

states, and evaluate this model using real world trials.



Towards an Intelligent Energy Monitoring System for Autonomous
Underwater Vehicles

Conlan D. Edwards

(GENERAL AUDIENCE ABSTRACT)

In this thesis, we develop an approach to characterizing the uncertainty in energy use for

an energy monitoring system for an autonomous underwater vehicle (AUV). The purpose

of the energy monitoring system is to estimate current energy onboard the AUV, estimate

energy needed to complete a desired mission, and to determine if and when the AUV should

cancel the mission and return to the recovery location due low energy levels. In this work,

we examine the relationship between water currents and energy used by the AUV, and

we specifically address ways to characterize the relationship between uncertainty in water

currents and uncertainty in energy use. We also examine the development of a battery model

for the AUV, and test this model under simulated and real world conditions, and develop a

model for predicting future energy levels.
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This Chapter has partially been adapted from

by Conlan Edwards, Daniel Stilwell, Stephen Krauss,

Lakshmi Miller, and Stefano Brizzolara, [4].

An intelligent energy monitoring system would permit less conservative mission planning.

Rather than planning for extra energy at the end of mission to cover the energy needs of

unforeseen events (e.g., strong currents, incorrect AUV trim and ballast, etc.), an intelligent

energy monitoring system would decide when an AUV must terminate the current mission

and begin transiting to the recovery location. By monitoring current energy onboard along

with recent and active energy usage rates, an intelligent energy monitoring system would

permit the AUV to arrive at the recovery location with far less energy in reserve, which

yields longer overall missions and increased safety from certain classes of potential failure

modes for which energy use is much higher than anticipated. Moreover, the use of Bayes risk

yields a system that can balance uncertainty in the energy needed to return to the recovery

location with the operator-defined cost of completing various mission segments. That is, the

AUV would be able to balance risk and reward with respect to energy use in a rigorous way.

In this thesis, we present results on developing and assessing the performance of an intelligent

1
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energy monitoring system for an AUV. We briefly describe a high-level decision system that

determines when an AUV should terminate a mission and return to a recovery location,

and an approach to characterize the relationship between uncertainty in water current and

uncertainty in energy use. We also develop a battery model for an AUV, and a naive energy

prediction method. Our results are obtained using a simulation capability that couples the

complete autonomy software onboard an AUV with a high-fidelity 6-degree of freedom (DoF)

nonlinear model of the AUV dynamics, as well as with field data obtained from real-world

experimentation.

Many factors contribute to the energy use of an AUV. These include trim and ballast of the

AUV, debris that may have fouled the AUV, changes in water density, etc. In this thesis,

we present results related only to the effects of water current. When an AUV is maintaining

constant speed over ground, unanticipated water current velocity can dramatically change

planned energy use. Likewise, when operating with constant water-relative speed, unantic-

ipated water current velocity can change the time required to complete a mission, which

affects the energy needed to complete the mission. Moreover, the current may result in the

AUV crabbing (i.e. having a non-zero drift angle) while following a given heading, which

further increases drag and increases energy use.

The goal of an intelligent energy monitoring system is to decide, in real-time, when an AUV

should terminate its mission and proceed to a recovery location. In this thesis, we describe

how an intelligent energy monitoring system would make such a decision, and we propose a

simple decision system that illustrates how decisions are formulated.

An integral part of this system is the battery model for the vehicle being monitored. If the



3

vehicle cannot accurately track the available energy remaining, it will not be able to make

effective decisions with regard for future mission planning. There are several methods that

can be used to model the battery of an AUV, which are discussed in Chapter 2.

The energy onboard the AUV when it arrives at the recovery location is denoted e(
; s)

where 
 represents the mission and s is a parameterization of the mission that indicates

when the AUV terminates its mission and precedes to the recovery location. We denote that

beginning of the mission as so and the end of the mission sm. If the AUV completes the

planned mission without an early termination caused by the intelligent energy monitoring

system, then the energy onboard the AUV when it arrives at the recovery location is e(
; sm).

The desired energy onboard the AUV when it arrives at the recovery location is ed. The role

of the intelligent energy monitoring systems is to determine values of s such that

e(
; s) > ed: (1.1)

Of course, the value of e(
; s) must be estimated since it is not known until the AUV

arrives at the recovery location. A naively conservative value of s would satisfy (1.1), but

at the expense of a mission that is shorter than necessary because the AUV returns to the

recovery location too soon. The decision to terminate a mission must therefore account for

uncertainty in estimating future energy use, and it must balance the cost of possibly arriving

at the recovery location with too little energy onboard with the benefit of a longer mission.

Adopting a standard approach to decision-making under uncertainty [16], the decision to

terminate at s is expressed

H0 : e(
; s) > ed do not terminate at s

H1 : e(
; s) � ed terminate
(1.2)



4

The estimate of the energy onboard the AUV when it arrives at the recovery location is

denoted ê(
; s). The estimator is necessarily uncertain, and decisions are probabilistic. That

is, a decision to terminate at s can be expressed as the probability of a correct decision

P (e(
; s) > ed) > � (1.3)

being greater than 0 < � < 1.

Although the role of � is well-understood, selection of a specific value in any given situation

may not be well-motivated. Thus we invoke a standard Bayes risk formulation that relates

correct and incorrect decisions. Let P (H0jY = y) be the probability of selecting H0 given

all of the uncertain information y that is available to an estimator, and let P (H1jY = y) be

the corresponding probability of selecting H1 [6]. Furthermore, let c10 be the user-selected

cost of choosing H1 when H0 is correct, and let c01 the user-selected cost of choosing H0

when H1 is correct. That is, c10 is cost of choosing to terminate when the AUV could have

completed more of the mission, and c01 is the cost of choosing to continuing with the mission

yet arriving at the recovery location with too little energy onboard. Bayes risk for hypothesis

testing is expressed

P (H1jY = y)

P (HojY = y)

H0

≷
H1

c10

c01

(1.4)

Thus we want the decision system to choose to terminate when the ratio of probabilities in

(1.4) meets the ratio of costs.

The estimator ê(
; s) provides a numerical estimate of energy onboard when it arrives at

the recovery location should the AUV terminate the mission at s. However, (1.4) illustrates

that knowledge of the uncertainty of the estimate is critical for deciding when to terminate
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the mission.

In the sequel, we illustrate how the uncertainty can be characterized. We do this with an

example mission for which we seek the characterize the uncertainty in energy onboard the

AUV at the end of the mission. The mission is analyzed in a simulated environment, which

allows us to characterize the uncertainty of the energy used during a mission



Section 2.1 has been partially been adapted from

by Conlan Edwards, Daniel Stilwell, Stephen Krauss,

Lakshmi Miller, and Stefano Brizzolara, [4].

The 690 AUV was developed by the Center for marine Autonomy and Robotics (CMAR) as

a collaboration between Virginia Polytechnic Institute and State University and the Naval

Oceanographic Office [17]. The vehicle is seen in Figure 2.1, and the basic performance

parameters are found in Table 2.1 [7]. The vehicle has integrated inertial navigation system

(INS), as well as side-scan sonar for bathymetric survey missions.

6
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Figure 2.1: Computer render of the 690 AUV, courtesy of Charles Watson

Table 2.1: 690 AUV vehicle parameters

Displacement 91lbs
Length 81in

Diameter 6.9in
Max Depth 500m
Endurance 24hrs at 4kts (� 2m/s)

Communications Iridium Satcom, RF Modem,
Equipment Wi-Fi, Acoustic Modem

Additional design parameters and more detailed information about onboard systems can be

found in [17]. An overview of AUV specific terminology, such as velocity definitions and

spatial reference details, can be found in [23].
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There are several data-driven methods to model batteries in an electric vehicles. The

first of note is a black box model, where knowledge of the exact chemical characteristics of

the battery and the exact circuit parameters of the entire system are not required [29]. The

black box model typically uses neural networks, support vector machines, or another type

of machine learning to predict the behavior of the battery system. Battery models based

on machine learning approaches require a large amount of data to accurately analyze the

behavior of the system. For the 690 AUV, this could take the form of a model with the

onboard battery voltages and current load for all onboard systems as inputs, and the current

state of charge (SOC) of the battery as the output. However, the black box method is more

complex and challenging to implement, due to the large amount of data required to create

the model [29][2]. In this thesis, we explore SOC calculation methods that do not require

as much experimentation prior to effectively determining battery capacity and remaining

vehicle range.

A key part of many SOC calculations is obtaining an accurate open circuit voltage (OCV)

for the battery. A common method to calculate SOC is to use a look-up-table, where SOC is

a function of OCV [29]. This is a reliable way to determine the SOC if OCV is available, and

provides an accurate method to obtain SOC prior to the start of a mission. Unfortunately,

this requires the battery to be resting with no load for a considerable amount of time to

accurately measure OCV. This wait of an hour or more is far longer than would be practical

for a mid-mission assessment of SOC [29]. This means that the AUV will need to use the

methods that do not directly rely on OCV for calculating SOC.

One approach we can take is to relate measured battery voltage to OCV for a given mission

state. That is, we can find a relationship between the voltage measured by the onboard
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equipment and the battery’s OCV. This would allow us to make an estimate of OCV from

the look-up-table given the battery voltage and current measured during a mission, which

in turn can be used to estimate SOC.

An alternate approach to estimating SOC is the current-integration method, also known

as the Coulomb-counting method, which uses an initial estimate of SOC and measured

current over time to assess SOC [28][12][9][30][27]. This method has the advantage of being

easy to implement and calculate, but becomes less accurate with operating time. These

inaccuracies stem from system noise and difficulties in estimating the total battery capacity

and initial SOC, as well as changing environmental factors such as battery temperature

[5]. Additionally, the simple Coulomb-counting (SCC) method is not dependant on known

operational conditions for accuracy. Any change in current load is taken into account by the

model, which is particularly useful when dealing with a large variety of vehicle parameters

and onboard system states (i.e. various motor speeds, different data-collection sensors, etc).

The estimate of SOC using the SCC method is,

SOCcc(t) = SOC0 �
R t

t�1
�I(t)dt

(Q)3600
(100) (2.1)

where SOC0 is the initial SOC for the vehicle, Q is the capacity of the battery (in Ah), �

is the charge transfer efficiency, and I(t) is the measured current over time [28]. SOCcc(t)

represents the remaining battery capacity as a percentage of total battery capacity .

The charge efficiency, �, may be affected by aging equipment, temperature changes, or other

factors. For our SCC model we set � = 1, but this may induce further errors, particularly if

operating with very old equipment or in extreme temperatures [19].

There are several approaches to modeling, and potentially reducing, the error for the SCC
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method. The SCC equation with common error types is,

SOC(t) = SOCcc(t) + �t (2.2)

with the errors shown by,

�t = �i(t) + �I(t) + �bat(t) + �eff (t) + �T (t) (2.3)

The errors in current measurement can be partially mitigated if the characteristics of the

error are known. That is, if we know the distribution of the errors, these can potentially

improve the accuracy of the model and characterize the uncertainty of the model.

The noise observed with the current measurements is often assumed as normally distributed

[19] (�i � N (�; �2
i )), with mean � and standard deviation �i of,

�i(t) =
� ��m

(Q)3600

�
(t)(100) (2.4)

where �m is the standard deviation of the current measurements from the onboard current

sensors. For the 690 AUV, we assume � = 0 and obtain �m = 3mA from the design

specification of the integrated circuit chip used onboard the 690 to measure current and

voltage [19]. Using 2.4, we calculate �i = 0:085% SOC across 24 hours of operation. Because

of this we assume that the uncertainty caused by �i(t) to be negligible.

Another common source for errors is in the integration shown in (2.1), which is modeled by

the error term �I in (2.2) [19]. The distribution for this error is also assumed to be normally

distributed (�I(t) � N (�; �I(t)) ,with mean � and standard deviation �I of,

�I(t) =
� ��L

(Q)3600

�
(t)(100) (2.5)
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where �L is the standard deviation of the measured data.

The precise calculation of �I(t) relies on the nature of the data being sampled and the method

of integration used. However, for cases with large numbers of samples, we can assume the

mean of the integration error to be approximately zero [19]. We took previously acquired field

data and observed the standard deviation in current readings while the vehicle is operating,

taking care to only compare between similar mission profiles (i.e. underway versus at rest).

From this field data we determine �L = 0:5258, which allows us to calculate �I to be 0:014%

of total battery capacity after 24 hours. As a result, we assume that the uncertainty due to

integration to be zero across the 24 hour endurance of the 690 AUV.

The error �T shown in [19] is found to be on the range of 10e�6 when the timing system

has a 3-minute error over the course of a month. Since the missions for the 690 AUV are

relatively short (less than 24hrs), we can assume that �T is negligible (�T � 0) [19]. For this

analysis, we ignore the affects of aging batteries and variation in temperature, thus we set

�eff = �bat = 0.

The estimated range of the vehicle based on the amount of energy remaining is,

R =

 
E

Cd + P h
u3

!
u�2 (2.6)

where the range (R, in m) based on the vehicle’s speed (u), hotel load (Ph, in W ), drag

coefficient (Cd, in w s3

m3 ), and energy available (E, in joules) [1].

This equation can be used to predict the range remaining for any of the battery models
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described in Section 2.2, and can be combined with the mission profiles specific to the

vehicle and tasking.

For the 690 AUV, we examine the SCC and OCV methods. These two models were

chosen due to their ease of implementation onboard the 690 AUV. The onboard electronic

systems already track current and voltage provided by the battery, and the SCC and OCV

method for estimating SOC discussed in Section 2.2 can be implemented with little additional

processing overhead for the onboard computers or redesign of the vehicle’s hardware.

The 690 utilizes a custom battery that has a maximum rating of 2620Wh. To achieve this,

the battery is comprised of 208 LG INR18650 battery cells, as shown in Figure (2.2). There

are a total of 26, 8-cell stacks of individual cells.

Figure 2.2: Battery pack for the 690 AUV, courtesy of Charles Watson
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The OCV energy calculation method relies on using the voltage of the battery when there

is no load attached to the system. This requires removing the current load from the battery

and letting it rest for at least an hour, which is often not practical, particularly for mid-

mission updates [20]. Instead, we map the measured voltage from the onboard system to

the OCV, which allows for an estimate of OCV without the hour long wait for the voltage

to settle. This in turn allows us to estimate SOC using a look-up-table.

We examine the rate at which the measured battery voltage approaches the final OCV

voltage for the 690 AUV. The first configuration tested consists of the vehicle with only the

hotel load energized. Hotel load refers to the load applied when only the onboard systems

are energized, but the vehicle is not operating the main propeller, control surfaces, or survey

equipment. This configuration represents the vehicle at rest during operation (also known

as idle state), for example if the vehicle comes to rest on the surface between survey missions

but is not powered off. The results are shown in Table 2.2, where operational voltage refers

to the vehicle at a hotel load and OCV is measured from the battery after the specified

resting time.

The vehicle is also tested with a synthetic current load, with the load scaled to match the

current consumption of the main motor at 1500RPM. This represents the vehicle transiting

during normal operations, and consists of the hotel load plus a 1:8A synthetic load to simulate

the motor. This data is used to determine the effect a change in current load has upon

the voltage, as well as to map the relationship between measured voltage and OCV during

standard operating parameters. The results are shown in Table 2.3, where operational voltage

represents the AUV under the simulated operational load and OCV is measured from the

battery after the specified resting time.
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Table 2.2: Hotel Load Observations for 690 AUV

Operational OCV (V) Difference (V) Approximate Time
Voltage (V) Between Measurements

28.33 28.38 +0.05 4 hours
28.42 28.47 +0.05 3 hours
28.52 28.59 +0.07 19 hours
28.76 28.84 +0.08 >24 hours
29.58 29.50 +0.08 1 hour
30.67 30.59 +0.08 1 hour
32.54 30.47 +0.07 1 hour
32.64 32.57 +0.07 1 hour
29.91 29.97 +0.06 1 hour
28.86 28.92 +0.06 1 hour
28.46 28.37 +0.09 1 hour
28.85 28.90 +0.05 1 hour
32.67 32.73 +0.06 1 hour
32.41 32.47 +0.06 1 hour
31.96 32.01 +0.05 1 hour
31.47 31.54 +0.07 1 hour
31.11 31.17 +0.06 1 hour
30.68 30.76 +0.08 1 hour
30.06 30.01 +0.05 1 hour

Table 2.3: Simulated Operational Load Observations for 690 AUV

Operational OCV (V) Difference (V) Approximate Time
Voltage (V) Between Measurements

31.31 31.67 +0.36 1 hours
29.60 29.97 +0.37 1 hours
28.39 28.75 +0.36 1 hours
28.08 28.46 +0.38 1 hours
28.49 28.90 +0.41 1 hours
32.39 32.73 +0.34 1 hours
32.10 32.47 +0.37 1 hours
31.65 32.01 +0.36 1 hours
31.16 31.54 +0.38 1 hours
30.84 31.17 +0.33 1 hours
30.84 31.17 +0.33 1 hours
30.38 30.76 +0.38 1 hours
29.69 30.06 +0.37 1 hours
30.61 30.96 +0.35 1 hours
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From Tables 2.2 and 2.3 that the average of voltage difference between operational voltage

and OCV is 0:0653V when the vehicle is at only the hotel load, and 0:3674V for the simulated

operational load. This means that the onboard measurements during vehicle operation will

always have a bias compared to OCV. We will be using the idle rate for the remainder of this

thesis, as more data is required to fully verify the relationship between OCV and measured

voltage at standard vehicle operating parameters. Note that this process must be done for

a variety of current values to build a full map between measured voltage and OCV. Further

experimentation is outside the scope of this thesis, and may decrease the overall lifespan

of the battery pack being tested due to the number of charge and recharge cycles being

conducted.

We can use the SOC to OCV relationship created in [31] to determine the approximate SOC

remaining per cell. To achieve this, we must convert the data measured on the 690’s onboard

monitoring equipment into the voltages and currents seen by the individual cells in order to

calculate remaining capacity. The final voltage for the battery pack is the sum of the cells in

series, while the current is the sum of the cells in parallel [14]. However, since we can only

monitor the battery pack as a whole, we cannot determine the exact voltage and charge of

each individual cell. As a result, we have no knowledge about what errors are present within

the battery itself. We assume these errors roughly average to zero, since all cells are of the

same make, model, and age.
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Figure 2.3: Test results for INR18650 (Single Cell). From [31], used under Creative Commons
by Attribution (CC-BY) license (CC BY 4.0)

In Figure 2.3 we see that an OCV of 3:5V results in an approximate 20% SOC remaining.

Since this is per cell, we can multiply by the number of cells connected in each series to

achieve a battery pack voltage of 28V . In other words, once the OCV for the entire battery

pack reaches 28V , there is approximately 20% usable charge remaining in the battery.

To determine the relationship between OCV and measured voltage, we conduct a series of

trials in a water tank. The vehicles are held in place, as shown in Figure 2.4, which enables

isolated tests of the propulsion system, without the other variables present in normal field

trials (i.e. changes in weather, navigation, etc.).
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Figure 2.4: Water tank testing setup. Photo credit Conlan Edwards.

Note that the torque on the main propeller is affected by the speed at which the vehicle

is moving through the water [18]. More specifically, it is affected by the propeller’s inlet

velocity, which is the velocity of the water entering the leading edge of the propeller along

the main axis of thrust. Because the velocity of the water entering the propeller is lower for

the ballast tank tests, we need to calculate at what propeller speed the current drawn by the

motor in the tank matches the current drawn by the motor when operating in open water.

We determined that 1050RPM closely matched the current load observed in field data at

1500RPM, the standard operating speed for real-world trials. This can be seen in Figure

2.5. The 60 second mean of the voltage is used, in order to minimize the effect of noise or

incorrect readings.
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(a) Field trials at 1500 RPM (b) Tank test at 1050 RPM

Figure 2.5: Comparison of tank and field trial tail junction board current values

We conduct a series of trials, with the motor running for a set time then stopping for 10

minutes. These trials are run in sets of three, at lengths of 20 minutes, 30 minutes, and 1

hour. The 60 second average of the voltages is observed at the end of each 10 minute pause.

We can use this knowledge to calculate estimated OCV using the 0:0653V bias found from

Table 2.2. The equation for adding this bias is,

OCVe = Vm + Vb (2.7)

where OCVe is the estimated OCV, Vm is the voltage measured on the vehicle, and Vb is the

calculated bias for a given current load. For the vehicle at idle, Vb = 0:0653V . This OCV for

the whole battery pack can be divided by eight to estimate the OCV of a single cell, which

in turn can estimate the SOC. For our model, we round SOC to the nearest integer value.

The estimated SOC for the tank test experiments are shown in Table 2.4.

We also assess the OCV method for missions run in the Chesapeake Bay and Claytor Lake,

near Dublin, Virginia. A series of voltage samples are obtained from these experiments while
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Table 2.4: Water Tank Measured Voltages, and Estimated OCV and SOC

Mission Vehicle Measured Estimated Estimated
State Voltage (V) OCV (V) SOC (%)
Idle 30.6135 30.6788 63
Idle 30.4760 30.5413 61

20 Minute Trial 1 Idle 30.3254 30.3907 59
Idle 30.2044 30.2697 57
Idle 30.0950 30.1603 57
Idle 29.9609 30.0262 55

20 Minute Trial 2 Idle 29.8791 29.9444 53
Idle 29.7737 29.8390 52
Idle 31.1198 31.1851 71
Idle 30.9518 31.0171 68

30 Minute Trial Idle 30.7932 30.8585 66
Idle 30.6194 30.6847 64
Idle 29.6619 29.7272 51
Idle 29.3667 29.4320 46

60 Minute Trial Idle 29.1730 29.2383 41
Idle 28.9994 29.0647 37

the vehicle is idle (with only the hotel load energized). The estimated OCV value and SOC

for each selected measurement are seen in Table 2.5. Note that there are days where multiple

690 AUVs are tested or multiple distinct missions run, those days are annotated by which

vehicle performs each mission.

The final SCC model for the 690 AUV, derived from (2.1) and section 2.2, is,

SOC(t) = SOC0 �
�R t

t�1
I(t)dt

(Q)3600
(100)

�
(2.8)

SOC(t) represents the remaining battery capacity as a percentage of total battery capacity

and SOC0 represents the starting battery capacity. Note that Q does not take into account
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Table 2.5: Field Trials Measured Voltages and Estimated OCV and SOC

Mission Vehicle Measured Estimated Estimated
State Voltage (V) OCV (V) SOC (%)

28 June Idle 32.5540 32.6193 89
Idle 32.4609 32.5252 87

30 June Idle 31.2929 31.3582 73
Idle 30.9516 31.0169 68

01 October Idle 32.7123 32.7776 92
Idle 32.4679 32.5332 87

13 October AUV 2 Idle 31.7850 31.8503 80
Idle 31.3449 31.4102 74

13 October AUV 3 Idle 29.3216 29.3869 45
Idle 28.9566 29.0219 36
Idle 32.8533 32.9189 95

12 December Idle 32.7261 32.7914 92
Idle 32.6292 32.6945 90
Idle 32.5643 32.6296 89
Idle 32.6789 32.7442 91

16 December Mission 1 Idle 32.6503 32.7156 90
Idle 32.5839 32.6492 89
Idle 32.5624 32.6277 89

16 December Mission 2 Idle 32.5237 32.5890 88
Idle 32.5206 32.5859 88
Idle 32.4467 32.5120 87
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the health or age of the battery, which could negatively affect this starting value.

Note that as the voltage observed in the battery decreases with the decrease in available

charge, the current draw for a given vehicle state increases. This does not affect the SCC

model’s ability to calculate energy use for a given time, but affects the remaining energy

prediction due to increased current required for a given mission state. This is calculated as

an approximately 10% increase in needed current after 24 hours of operation. That is, as the

SOC approaches 0%, there is a small increase in the rate at which it approaches the fully

discharged state.

One method for reducing the error present in the SCC method is to restart the process when

another update is available. That is, if there is another method to estimate SOC, this value

can be used to update SOC0 and start a new SCC process. This resets the value of many of

the errors discussed in section 2.2.

We use the SCC models to examine previously acquired field and water tank data described

in Section 2.4.1. The final energy estimated OCV values are from Tables 2.4 and 2.5. We

initialize SOC0 via the OCV method during the idle time at the beginning of the mission.

We also mark the final OCV estimation by a green circle, as this allows us to determine

the accuracy of the SCC model. Additionally, if there are idle periods in the middle of a

mission, we make a new OCV estimate, shown as a green triangle. We also update SOC0

from the updated OCV estimates, allowing for SCC error mitigation, where the updated

SCC predictions are shown by red dotted lines. The calculated energy consumption for

these trials can be seen in Figures 2.6 to 2.17, and are summarized in Tables 2.6.
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Table 2.6: Comparison of SOC Estimates using OCV Model and SOC Model

Mission Starting Time Estimation
Point Interval (s) Error (%)
Start 5456 1.56

Water Tank: 20 Minute Trial 1 OCV Update 1 3615 1.05
OCV Update 2 1808 0.53

Start 5418 0.57
Water Tank: 20 Minute Trial 2 OCV Update 1 3577 0.08

OCV Update 2 1770 0.44
Start 7261 1.02

Water Tank: 30 Minute Trial OCV Update 1 4802 0.04
OCV Update 2 2402 0.02

Start 13244 2.57
Water Tank: 1 Hour Trial OCV Update 1 8420 1.68

OCV Update 2 4221 0.33
Field: 28 June Start 2526 0.33
Field: 30 June Start 4333 0.27

Field: 01 October Start 6010 1.71
Field: 13 October AUV 2 Start 5358 0.33
Field: 13 October AUV 3 Start 6031 2.41

Start 8092 1.31
Field: 12 December OCV Update 1 5649 2.10

OCV Update 2 2303 1.13
Field: 16 December Mission 1 Start 3273 1.19

OCV Update 1 1680 0.77
Start 2484 0.65

Field: 16 December Survey 2 OCV Update 1 1634 0.74
OCV Update 2 1433 0.55
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Figure 2.6: Water tank test using SCC model, 20 minute trial number 1

Figure 2.7: Water tank test using SCC model, 20 minute trial number 2
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Figure 2.8: Water tank test using SCC model, 30 minute trial

Figure 2.9: Water tank test using SCC model, 1 hour trial
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Figure 2.10: Field data using SCC model on 28 June 2021

Figure 2.11: Field data using SCC model on 30 June 2021
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Figure 2.12: Field data using SCC model on 01 October 2021

Figure 2.13: Field data using SCC model on 13 October 2021, Vehicle 2
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Figure 2.14: Field data using SCC model on 13 October 2021, Vehicle 3

Figure 2.15: Field data using SCC model on 12 December 2022
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Figure 2.16: Field data using SCC model on 16 December 2022, Mission 1

Figure 2.17: Field data using SCC model on 16 December 2022, Mission 2
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From Table 2.6, we can determine the relationship between SCC error and mission time

using linear regression. This relationship is shown in Figure 2.18, where we see a decrease

in SOC error magnitude as mission duration decreases.

Figure 2.18: Linear Regression of SCC Errors Over Time

Table 2.7: Summary of the results for SOC Estimates using OCV Model and SCC Model

Error (%) Mission Duration (s)
Maximum 2.57 13244
Minimum 0.02 2402

From Figure 2.18 we see that the SCC method provides a reliable method for calculating

energy expenditure throughout a mission. The largest difference between final SOC from

the SCC and OCV models is 2:57%, shown in Table 2.7, which occurs for a SCC calculation

across over 3:5 hours.

Additionally, the OCV updating method enables updates to the SCC calculation during

breaks in the mission. This allows the user to update their energy prediction information
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during any scheduled or unscheduled idle time. Across the over three-and-a-half hour mission

seen in Figure 2.9, the estimated final energy use is 2:57% of estimated SOC when no OCV

update is made, and within 0:33% when the OCV values are updated during a pause in the

mission.

Through both our field trials and water tank experiments, we observe that the a combination

of OCV and SCC models provide a reliable method to estimate battery pack SOC. The OCV

model allows for estimation based on observed voltage during known mission states. However,

if the relationship between the OCV and measured voltage is not known for a specific vehicle

configuration or current load, then this model is not able to accurately predict SOC,as the

bias between measured and OCV is not known. Therefore, the OCV method is not reliable

when operating at unknown current loads, or if there are any faults within the system.

Alternately, the SCC method provides a reliable way to track estimated energy expenditure

for any current load the vehicle presents. Since this model is based on integrating the

observed current, it can quickly react to changing parameters and mission profiles. However,

it is susceptible to estimation errors, particularly the longer the model is running.

Therefore, a combination of OCV and SCC models provides a better solution than either

individual model. The OCV method is used to update the battery pack SOC when the

vehicle is operating in a known state, since the bias between measured voltage and OCV

is known. The SCC model can then be used during un-modeled states and current loads.

By restarting the SCC model when an update from the OCV model is available, the errors

inherent in the SCC method can be mitigated. The combined model provides a reliable

estimation of SOC during known states, and a method to track energy consumption when
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non-mapped current loads are encountered.



This Chapter has partially been adapted from

by Conlan Edwards, Daniel Stilwell, Stephen Krauss,

Lakshmi Miller, and Stefano Brizzolara, [4].

Energy used by an AUV during a typical mission is characterized via a high-fidelity numerical

simulation environment created in the Center for Marine Autonomy and Robotics at Virginia

Tech. The simulation consists of a set of ROS-based vehicle control and autonomy packages

used by the Virginia Tech 690 AUV, a 6-DoF dynamic model, and AUV sensor models.

The simulation environment can be used for planning and verification of vehicle missions,

as well as for testing more advanced vehicle behaviors before deployment in the field. The

high-fidelity simulation enables us to estimate changes in energy use due to buoyancy, trim,

and ballast errors, along with increased energy use when crabbing and when turning.

We select a specific mission scenario to examine in detail. The location is in the vicinity of

the Cove Point Liquid Natural Gas (LNG) Pier, located in the Chesapeake Bay. We consider

a simulated survey mission, consisting of 13 parallel tracks lines, each 1000m long with 50m

spacing between tracks. The AUV begins at an ingress point 1000m from the start point,

and then returns to this location after the survey. The planned mission and geographic
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