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Abstract: The operation and support (OS) officer is responsible for buoyancy regulation and fault
detection of onboard equipment in the civil submersible. The OS officer carries out the above tasks
through the human-machine interface (HMI) of a submersible buoyancy regulation and support
(SBRS) system. However, the OS officer often faces uneven task frequency produced by fault tasks,
which leads to an unbalanced mental workload and individual failures. To address this issue,
we proposed a human-machine function allocation method based on level of automation (LOA)
taxonomy and submersible task complexity (STC), aimed at improving human-machine cooperation
in submersible fault detection tasks. Based on this method, we identified the LOA2 as the optimal
human-computer function allocation scheme. In this study, three measurement techniques (subjective
scale, work performance, and physiological status) were used to test 15 subjects to validate the
effectiveness of the proposed optimal human-machine function allocation scheme. The GAMM test
results also indicate that the proposed optimal human-machine function allocation scheme (LOA2)
can improve the work performance of the operating system officials under low or high workloads
and reduce the subjective workload.

Keywords: human-machine function allocation method; level of automation; task complexity;
workload; submersible

MSC: 03D15

1. Introduction

Submersibles are an indispensable means of transportation to enter the deep sea for
scientific research and investigation [1]. Among them, the operational deep-dive manned
submersibles have become an important underwater vehicle in many categories and have
provided strong technical support for the development of the international deep-sea indus-
try [2]. As one of the important positions of the submersible, the submersible operation
and support officer (OS officer) plays an important role in the submersible mission. Un-
derstanding and optimizing the workload (WL) of an OS officer is of great significance for
preventing occupational diseases, guarding against fatigue, reducing human error, and
improving the safety of diving.

It was found from our actual investigation that due to the complexity and unpre-
dictability of the underwater environment, the OS officer of a submersible often faces
unbalanced WL in the process of performing tasks in the deep sea. It is well known that
there is an inverted U-shaped relationship between WL and system safe operation [3].
Excessive WL will not only cause the operator to appear physiologically stressed but also
affect the sustained attention and working memory of the operator [4,5]. Especially in
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emergencies, when the received information exceeds the processing capacity of the operator,
they often respond to stimuli with a delay [6]. When the WL is too low, it is not enough
to maintain situational awareness of the operator, and it will affect the response time [7].
Therefore, the unbalanced WL faced by an OS officer will affect the working efficiency and
safety performance of the overall human-machine system [8].

Although the implementation of automation can reduce the WL of human operators,
it also introduces certain challenges. First, it changes the role of the operator from that
of a “performer” to that of a “supervisor”. Second, the reduction in WL can result in a
loss of situational awareness among operators [9]. Both of these phenomena can lead to a
series of out-of-the-loop (OOTL) problems, such as operator complacency, reduced levels
of monitoring, and degradation of operational skills [10,11]. Furthermore, as the level of
automation (LOA) increases, the “lumberjack” phenomenon may emerge, meaning that
when automation fails, greater human reliance on high levels of automation can lead to
greater performance problems [12]. Therefore, a human-centered, rational allocation of
functions is important to improve the overall human-machine collaboration performance.

The core aspect of human-machine interaction activities is the allocation of functions
between humans and machines. The men are better at and machines are better at (MABA-
MABA) list proposed by Fitts marked the beginning of research into human-machine
function allocation [13]. The goal was to identify the strengths and limitations between
humans and machines by comparing their relative capabilities, and then to determine the
optimal division of responsibilities. However, the Fitts list has been criticized by many
scholars for its inability to apply decisions to the design environment in an efficient and
timely manner, its lack of iterative nature, and its failure to take into account the dynamic
flow of information that affects the operator’s understanding of the work state [14,15].

To provide a more effective basis for engineering design in the operational environ-
ment, Sheridan and Verplank introduced the automation level scale in 1978, which formed
the original LOA taxonomy [16]. However, Wickens [17] pointed out that the Sheridan and
Verplank scales were only applicable to automated decision recommendation functions
and did not consider the impact of automation on the entire phase of human information
processing. As a result, Endsley and Kaber [18] proposed an LOA taxonomy, applicable
to a wide range of psychomotor and cognitive tasks. This taxonomy includes various
schemes for the assignment of generic control system functions. Parasuraman et al. [19]
proposed an automation type and automation level approach with more generality based
on the information processing model (Wickens) [20]. This approach applies four stages of
human information processing to automated systems: information filtering, information
integration, action selection, and action implementation. The automation types and automa-
tion level approach provides greater generality and allows for useful function allocations
between humans and machines. Moreover, it enables the continuous adjustment of LOA
to optimize the performance of human-machine systems, making it a widely accepted
taxonomy among scholars [17,21–23].

LOA taxonomy can provide designers with different LOAs to choose from, but exten-
sive research has shown that the improvement in performance resulting from automation
occurs at the mid-level of LOA [24–26]. At this level, operators shift from operational
control to supervisory control, leading to reduced WL and psychological stress, as well as
mitigated first failure effects [24,27].

Although LOA taxonomy provides a method for describing the LOA, this method is
only a qualitative evaluation method. To develop a more reasonable and scientific human-
machine function allocation strategy, this paper further used a quantitative evaluation
method to measure the task complexity under different LOAs.

At present, there are related kinds of literature to quantify the task complexity. Ha
et al. [28] developed a method to assess the step complexity (SC) of emergency operating
procedures based on entropy measures used in software engineering. It is mainly composed
of three sub-complexities: step logic complexity, step size complexity, and step information
complexity and confirmed that the estimated SC values are generally consistent with the
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NASA-TLX score and step performance time data. Zheng et al. [29] proposed the task
complexity in flight (TCIF) method based on the SC method, which not only considers
the task complexity during the task process but also quantitatively evaluates the human–
computer interaction behavior. TCIF combines the four sub-complexities into one index
value, and the TCIF results are experimentally verified to be consistent with the Bedford
score and heart rate variability. Therefore, task complexity can effectively quantify the WL
of subjects. Combined with the task characteristics of the submersible OS officer post, this
study proposed a submersible task complexity (STC) method based on the TCIF method.

A human-machine function allocation method based on LOA taxonomy and STC was
proposed in this study. This method first utilizes the LOA taxonomy to set different LOAs
for specific work scenarios. Next, it uses the STC method to calculate the human-machine
interaction complexity in each LOA work scenario. By comparing the complexity of human–
machine interaction under different LOAs, we can determine the optimal human-machine
function allocation scheme. The method proposed by this research institute is different
from traditional functional allocation methods, as it integrates subjective and objective
evaluations. To prove that the proposed human-machine function allocation method can
optimize the work performance and WL of OS officers under an unbalanced WL, the
relevant experimental verifications were carried out in this study.

2. SBRS System

In a submersible, the OS officer monitors and controls six subsystems by the human-
machine interface (HMI) of the submersible buoyancy regulation and support (SBRS)
system. Six subsystems consist of a submersible attitude control system (SACS), a sub-
mersible ups and downs control system (SUDCS), an equipment management system
(EMS), an air conditioning system (ACS), an atmospheric composition processing system
(ACPS), and a fire protection system (FPS). Taking the interface of SACS and ACS as an
example, Figure 1 shows the HMIs and task operation process of SACS and ACS in the
SBRS system simulator.

Mathematics 2024, 12, 3615 3 of 17 
 

 

complexity and confirmed that the estimated SC values are generally consistent with the 
NASA-TLX score and step performance time data. Zheng et al. [29] proposed the task com-
plexity in flight (TCIF) method based on the SC method, which not only considers the task 
complexity during the task process but also quantitatively evaluates the human–computer 
interaction behavior. TCIF combines the four sub-complexities into one index value, and the 
TCIF results are experimentally verified to be consistent with the Bedford score and heart 
rate variability. Therefore, task complexity can effectively quantify the WL of subjects. Com-
bined with the task characteristics of the submersible OS officer post, this study proposed a 
submersible task complexity (STC) method based on the TCIF method. 

A human-machine function allocation method based on LOA taxonomy and STC was 
proposed in this study. This method first utilizes the LOA taxonomy to set different LOAs 
for specific work scenarios. Next, it uses the STC method to calculate the human-machine 
interaction complexity in each LOA work scenario. By comparing the complexity of hu-
man–machine interaction under different LOAs, we can determine the optimal human-
machine function allocation scheme. The method proposed by this research institute is 
different from traditional functional allocation methods, as it integrates subjective and ob-
jective evaluations. To prove that the proposed human-machine function allocation 
method can optimize the work performance and WL of OS officers under an unbalanced 
WL, the relevant experimental verifications were carried out in this study. 

2. SBRS System 
In a submersible, the OS officer monitors and controls six subsystems by the human-

machine interface (HMI) of the submersible buoyancy regulation and support (SBRS) sys-
tem. Six subsystems consist of a submersible attitude control system (SACS), a submersible 
ups and downs control system (SUDCS), an equipment management system (EMS), an air 
conditioning system (ACS), an atmospheric composition processing system (ACPS), and a 
fire protection system (FPS). Taking the interface of SACS and ACS as an example, Figure 1 
shows the HMIs and task operation process of SACS and ACS in the SBRS system simulator. 

variable

HEEL

Captain order

Fault detection

SACS
Fault 

detection

Click "D
etected" button

Fault 
diagnosis

H
eel 

Pitch

Fault  processing

Click "Pum
p Ⅰ

" or "Pum
p 

Ⅱ
" button

Click  "H
eel" button

Slide valve

Click "Pum
p Ⅲ

" or "Pum
p 

Ⅳ
" button

Turn on "Pitch" button

Slide valve

Click  "D
one" button

Fault  decision-
making

D
eterm

ine w
ater transfer 

direction

G
et regulated w

ater 
volum

e

 
(a) (b) 

variable

Captain order

Fault detect ion

Fault location

Temperature and humidity display window

ACS

Cabin 10

Cabin 1

Click cabin button

Input D
ecision inform

ation

……

Click "D
etected" button

Click  "D
one" button

Fault 
detection Fault diagnosis Fault  processingFault  decision-

making

Report technician team

Receive fault decision results

Technician decision

 
(c) (d) 
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Figure 1. HMIs and task process of SBRS tasks. (a) SACS task HMI; (b) SACS task operation process;
(c) ACS task HMI; (d) ACS task operation process.

The tasks to operate the SBRS system consists of primary and secondary tasks.

(1) Primary tasks (Buoyancy regulation tasks)
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The primary tasks of OS officer are to operate the SACS and the SUDCS, which main-
tain the performance of the submersible buoyancy regulation. The primary tasks concern
the safety of submersibles, hence they are high-priority tasks. Due to the change in seawater
density, the inclination angle of submersibles often changes gradually during underwater
navigation. The primary tasks of OS officers are to continually monitor the attitude and
make any adjustments necessary to avoid overturning during the whole navigation.

Figure 1b shows the operational process of the SACS task. First, when OS officers
observe an abnormality in the SACS interface, they click the “Detected” button. Second,
they diagnose the fault as “Heel” or “Pitch”. Then, they obtain the water regulation
value and determine the direction of regulation. Finally, they click the “Pump” button,
slide the valve, and click the “Heel” or “Pitch” button. After adjustment, they click the
“Done” button.

(2) Secondary tasks (Fault detection tasks)

The secondary tasks of OS officers are to detect possible faults occurring in the EMS,
the ACS, the ACPS, and the FPS. These fault detection tasks are low-priority tasks. After
observing abnormal variation by human patrol inspection or alarm information from the
automation system, the OS officer performs the fault diagnosis task. The OS officer needs
to find the fault location in the corresponding system interface, judge the fault status, and
finally make the processing decision.

Figure 1d shows the operational process of the ACS task. First, when OS officers
observe an abnormality in the ACS interface, they click the “Detected” button. Second,
they diagnose the faulty cabin. Then, they report the technical team’s fault information
via phone outside the interface, wait for the team’s decision, and receive the decision
information. Finally, they click on the cabin button, input the decision information, and
click the “Done” button.

3. Human-Machine Function Allocation Method

Under normal conditions, the attention of the OS officer is mainly focused on per-
forming primary tasks. At this time, the occurrence frequency of secondary tasks is low,
and the WL of the OS officer is low. However, the increase of the detected fault frequency
will lead to competition for attention resources. The OS officer not only deals with daily
high-priority tasks but also allocates attention resources to handle low-priority tasks. This
inevitably leads to a sharp increase in the WL. Therefore, based on the information pro-
cessing model and submersible task complexity, this paper discusses a human-machine
function allocation method mainly for secondary tasks to help balance subject WL and
improve fault detection performance.

3.1. LOA Taxonomy

The four cognitive stages of individuals can characterize different information process-
ing behaviors. Parasuraman et al. [19] proposed an automated level allocation based on
these stages, which includes information filtering, information integration, action selection,
and action implementation. However, these cognitive stages are not entirely independent
of each other. The distinction between information filtering and information integration
can be confusing, so this paper merges information filtering and information integration
into a single stage. Figure 2 clearly illustrates the various stages of information processing
for an OS officer.

(1) Information filtering and integration (fault detection and diagnosis)

The OS officer is primarily responsible for monitoring the primary task interface while
also being able to quickly detect and diagnose any faults that may arise in secondary
tasks. To accomplish this, the OS officer uses visual patrol inspection to gather information
from the HMI and perceive faults in the EMS, ACS, ACPS, or FPS. However, the short-
term impact of these fault occurrences can render the OS officer ill-prepared to respond
quickly, which negatively impacts work performance. Once a fault is detected, the OS
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officer integrates and infers information by combining working memory with retrieved
information. Specifically, the OS officer identifies a specific fault by assessing whether the
parameters are within reasonable ranges. To obtain specific fault diagnosis information and
analyze fault point error information, the OS officer inspects the corresponding HMI. It
should be noted that each fault detection task interface contains ten potential fault points,
which can diminish visual search ability and increase WL for the OS officer.
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(2) Action selection (fault decision-making)

In the second stage of fault decision-making, there is a team of professional technicians
to support the OS officer making decisions after the fault diagnosis operation. The OS
officer only needs to report the detected fault to the technicians of the corresponding system
and await the failure decision result.

(3) Action implementation (fault processing)

The final stage is fault processing. After the fault resolution is determined in stage 3,
the OS officer clicks on the corresponding faulty compartment and enters the fault decision
result through HMI.

Through analysis of the three cognitive stages of the OS officer, it can be concluded
that the selection and implementation of behavior must be carried out by the OS officer. As
a result, this study places particular emphasis on the automation of information filtering
and the integration stage, which is presented in Table 1.

Table 1. Task stage and LOA taxonomy of OS officer.

Information Processing
Stage Task Stage LOA Automation Implementation

Information filtering and
integration

Fault detection and
diagnosis

1 Machine locates the fault interface. OS officer
diagnoses fault location and fault information.

2 Machine locates the fault interface and prompts
for the fault location and fault information.

3 Machine pushes the specified fault interface
and fault location directly to OS officer.
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3.2. Submersible Task Complexity

Among the three LOAs mentioned above, the complexity of the OS officer operational
tasks varies, and the corresponding WL also differs. In 1948, Shannon [30] introduced
the concept of information entropy, defining it through probability distributions in proba-
bility theory and viewing information as quantifiable and uncertain events. The entropy
measurement method was adopted to evaluate the task complexity based on the program
control graph [28,31]. Mowshwitz [32] defined two types of entropy measures for graphs:
first-order entropy for logical regularity and second-order entropy for the level of program
control graphs. A higher entropy value corresponds to greater graph complexity. The
entropy measurement method is shown in Equation (1):

H = −∑N
i=1 p(Ai) log2 p(Ai) (1)

where H is the entropy value; N is the number of node types; p(Ai) is the probability of
a node of class Ai; −log2 p(Ai) is the information entropy of nodes of class Ai. Therefore,
the graph information entropy is obtained by multiplying the information entropy of each
node in the graph with its probability of occurrence and summing them up.

Multi-interface and multi-task features increase the HMI complexity. To analyze the
task features of the SBRS system, a submersible task complexity (STC) method is set up in
this paper referring to the task complexity in flight (TCIF) method [29]. The STC method
can calculate four sub-complexities: actions logic complexity (ALC), actions size complexity
(ASC), interface information interaction complexity (IIIC), and interface control behavior
complexity (ICBC).

The ALC and the ASC of the task derived from the actions control graph describe the
logical sequence and the number of required actions during task processing [29]. The HMI
is the primary communication channel between the operator and the SBRS system. The
complexity and diversity of HMI compete for the attention of operators [33]. During the
processing of the fault detection task, the operator needs to pay attention to the primary
tasks while also handling the secondary tasks. This multi-interface information interaction
leads to operator overload. The IIIC includes the complexity of information interaction
between the operation behavior and the interface systems and is calculated by the interface
information interaction graph. The ICBC is calculated by the interface control behavior
graph. The four complexity values can be combined into one indicator, namely the STC
indicator, as shown in Table 2.

Table 2. Complexity, cause, graph, and entropy [29].

Complexity Cause of Formation Graph Entropy Measure

ALC Logical sequence of required actions Actions control graph Second-order entropy
ASC The number of required actions Actions control graph First-order entropy
IIIC HMI-interface information interaction Interface information interaction graph Second-order entropy

ICBC HMI-interface control behavior Interface control behavior graph Second-order entropy

Taking the ACS task as an example, the calculation process of task complexity is
described in Appendix A. Similarly, the task complexity values of other fault detection
tasks in the EMS, the ACPS, and the FPS are calculated and summarized in Table 3.

Table 3. STC of fault detection tasks at different LOAs.

LOA
STC

EMS ACS ACPS FPS Average

LOA1 1.751 1.823 1.857 1.800 1.808
LOA2 1.504 1.617 1.643 1.587 1.587
LOA3 1.396 1.527 1.554 1.493 1.492
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After analysis of the data, Table 3 shows that the STC decreases as the LOA increases.
However, the improvement of LOA2 versus LOA1 (12.22%) task complexity was more
significant compared to LOA3 versus LOA2 (5.99%).

3.3. Human-Machine Function Allocation Seclection

After analyzing the task characteristics of different cognitive stages in the SBRS task,
it was determined that the OS officer should carry out operations during the action selec-
tion (fault decision-making) and action implementation (fault handling) stages. Human-
machine collaboration could be conducted during the information filtering and integration
stage (fault detection and diagnosis). Therefore, this study proposed three LOAs to target
the information filtering and integration stage of the OS officer.

To clarify the rationality and effectiveness of different LOAs, we further quantified
the task complexity of the secondary tasks of the OS officer under three LOAs. The results
showed that the improvement in task complexity was more significant for LOA2 versus
LOA1 (12.22%) compared to LOA3 versus LOA2 (5.99%). In addition, there was an in-
teraction between the processing of primary and secondary tasks in the multi-interface
tasks. For the LOA3, using an automatic pop-up interface for the secondary tasks may in-
terrupt the process of OS officers handling the primary tasks, which is more frequent under
HWL. Considering the complexity of the underwater work environment and balancing
the benefits of automation and the impact of OOTL issues, this experiment chose LOA2 as
the optimal human-machine function allocation. Figure 3 illustrates the human-machine
function allocation developed for the submersible fault detection tasks.
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4. Experiment Methods
4.1. Subjects

Fifteen subjects ranging in age from 20 to 43 years (29.25 ± 7.58 years) were recruited
to participate in this SBRS task experiment. Among all the subjects, one subject had a
submersible work background, and six subjects had a science and engineering background.
Subjects were healthy, right-handed, with normal or corrected vision, and a normal electro-
cardiogram. Before the formal experiments, the subjects received a two-week task training
to fully familiarize themselves with the SBRS task operation under all conditions. After
training, the operational accuracy of all subjects reached over 80%.
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During participating in the task experiments, the subjects slept adequately, had a good
mental state, and did not drink stimulant substances such as caffeine and alcohol. And no
drug was taken before or during the experiment. All subjects completed the test without
dropping out and received financial compensation after the experiment ended.

4.2. Experimental Design
4.2.1. Inpendent Variables

The primary purpose of the experiment was to test the effectiveness of the proposed
LOAs in improving the WL and work performance of OS officers. Two types of WL tests
were conducted: low workload (LWL) and high workload (HWL). The number of task
events triggered during the tests was based on their frequency in the multi-attribute task
battery (MATB) [34], as shown in Table 4. Each subject completed three LOAs (LOA1,
LOA2, and LOA3) under LWL and HWL.

Table 4. Number of events triggered by various task types during the test.

Workload
Task Type Test Duration

/minPrimary Task Secondary Task Total Task

LWL 0 4 4 10
HWL 12 24 36 10

4.2.2. Dependent Variables

Direct (subjective scales) and indirect (work performance and ECG indicators) depen-
dent variables were used to measure the LOAs under different WLs.

(1) Subjective scales

NASA-TLX and Bedford scales were mainly used to evaluate the subjective WL of
subjects in this study [35]. NASA-TLX is a multi-dimensional and subjective technique for
evaluating WL, which consists of two phases [36]. In the scoring stage, subjects choose an
appropriate score (1–21) for each dimension to evaluate their status. In the weighting stage,
the weight of each factor is defined by comparing the importance of all factors. Overall
WL values of NSAS-TLX are divided into five categories [37]. Subjects were instructed to
self-report their subjective WL after completing each experimental condition.

The Bedford technique employs a 10-element scale [38]. To address the scale loading
problem associated with the NSAS-TLX technique, the Bedford scale provides detailed
verbal descriptions of the 10 values on the scale. Additionally, the Bedford scale overlays a
hierarchical decision tree onto the 10 WL ratings to simplify the process of selecting one of
the ratings [39]. Subjects filtered their WL levels in a hierarchy, narrowing down their WL
choices to two or three, and then selected a score based on the description of the rating.

(2) Work performance

It is generally accepted that increased WL affects work performance. Moreover, a
large number of various kinds of literature have also validated the sensitivity and validity
of performance-based measurement [40]. This study assessed work performance that
reflects subjects’ WL. During the experiment, the computer automatically recorded the
accuracy and response time of the submersible simulated task. The ratio of accuracy and
response time was used as the comprehensive performance of each subject’s submersible
simulated task.

(3) ECG indicators

Psychophysiological measures also provide objective WL metrics. Simulation studies
have shown that the electrocardiogram (ECG) is sensitive to manipulations of task com-
plexity [5,41]. A standard deviation of an R-R interval (SDNN), the square root of the mean
squared difference of successive R-Rs (RMSSD), and a proportion of NN50 divided by the
total number of NN that differ by more than 50 ms (pNN50) have been widely used as
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physiological variables to measure WL in previous studies [42,43]. In this experiment, the
Equivital EQ02 LifeMonitor wearable device (Cambridge, UK) was used to record ECG
signals at a frequency of 250 Hz.

4.3. Experimental Procedure

In this study, a within-subjects repeated measures experimental design was employed,
in which subjects were tested on six experimental conditions, labeled as Test 1–Test 6. Test
1–Test 3 represent three LOAs under LWL, and Test 4–Test 6 represent three LOAs under
HWL. To reduce the effect of experimental order on the test results, each subject underwent
different orders of experimental testing at each WL level using the Latin square method.
This study was approved by the Institutional Review Board (IRB) of Beihang University.

Before the formal experiment, the subjects not only had sufficient training in the
SBRS task but also were familiar with the task operation rules under various experimental
conditions. Notably, all subjects learned to fill out the NASA-TLX scale and the Bedford
scale during training. The duration of task training was 2 weeks.

Figure 4 shows the flow of the experimental test. Before the test began, the subjects
wore the ECG equipment with the help of the experimenter. The experimenter introduced
the next formal test process to the subjects. After adjusting the seat height and the distance
between the subjects and the screen, the subjects began the formal test. The entire formal
experimental test process lasted a total of 125 min and was divided into two stages. In the
task testing process, subjects were asked to fill out the NASA-TLX scale and the Bedford
scale after each SBRS task test. During the two SBRS task tests, subjects were prescribed a
5 min rest time. To avoid the influence of HW tests on LW tests, an additional 15 min of
rest time was added when the subjects completed the two HW tests.
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The focus of this paper was to investigate whether the proposed human-machine
function allocation strategy can improve the working performance of OS officers. Gener-
alized additive mixed effect model (GAMM) analyses [33,44] were performed using the
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open-source statistical package R version 3.6.1 (R Statistical Computing Project, Vienna,
Austria), treating subjects as random effects. In this model, “generalized” refers to not
requiring the measurement parameters y to follow a Gaussian distribution, “additive”
refers to not being limited to linear relationships, and “mixed” refers to incorporating
random effects. Therefore, compared with analysis of variables, GAMM analysis allows
for non-linear relationships between response variables and predictor variables, and does
not require measurement indicators to conform to normal distribution and homogeneity of
variation conditions. In addition, this model considers subjects as random effects.

Measurement parameters used for GAMM analysis included subjective data (NASA-
TLX scale data and Bedford scale data), work performance data (accuracy, response time,
and comprehensive performance), and ECG data measured during task testing (SDNN,
RMSSD, and pNN50). The GAMM for measuring indicators at different LOAs is shown in
Equations (2) and (3):

y = β1
1 + β1

2(LOA2) + β1
3(LOA3) + b1 + e1 (2)

y = β2
1 + (−β 2

2(LOA1)
)
+ β2

3(LOA3) + b2 + e2 (3)

where, y is the specific index of the subject’s response; β1
1 and β2

1 are the fixed intercepts;
β1

2 is the fixed effects of LOA2 compared to LOA1 at different WLs; β1
3 is the fixed effects

of LOA3 compared to LOA1 at different WLs; β2
3 is the fixed effect of LOA3 compared to

LOA2 at different WLs; b1 and b2 are the random effects of the intercept for subjects; e1 and
e2 are the residuals.

5. Results

We used G*power software (latest v. 3.1.9.7) to perform statistical efficiency calcula-
tions. When setting the number of subjects to 15 and the effect size to 0.40, a significance
level of 0.1 is required to achieve approximately 95% statistical power. Therefore, differ-
ences were considered statistically significant when p < 0.1.

5.1. Subjective WL

Figure 5 shows the impact of LOA on NASA-TLX score and Bedford score under
different WLs. Under LWL, the NASA-TLX score and Bedford score for LOA1 were
significantly higher than those for LOA2 and LOA3. Under HWL, the NASA-TLX score
and Bedford score for LOA2 were significantly lower than those for LOA1.
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5.2. Work Performance

Figure 6 shows the impact of LOA on comprehensive performance, accuracy, and
response time under different WLs. Figure 6a shows that under LWL, the comprehensive
performance significantly increases with increasing LOA. Under HWL, the comprehensive
performance for LOA2 was significantly higher than that for LOA1. As shown in Figure 6b,
under LWL, the accuracy for LOA1 was significantly lower than that for LOA2 and LOA3.
Under HWL, the accuracy for LOA1 was significantly higher than that for LOA2. And
under LWL and HWL, the response time for LOA1 was significantly slower than that for
LOA2 and LOA3 (Figure 6c).
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5.3. ECG Indicators

Figure 7 shows the impact of LOA on SDNN, RMSSD, and PNN50 under different
WLs. Under HWL, the SDNN and the RMSSD for LOA1 were significantly lower than that
for LOA2 (Figure 7a,b). The results of Figure 7c shows that LOA does not have a significant
effect on SDNN and PNN50 under different WLs.
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6. Discussions
6.1. Optimal Human-Machine Function Allocation Selection

The purpose of this paper was to investigate whether the proposed human-machine
function allocation method can improve the WL and work performance of OS officers,
which is mainly reflected in the impact on their subjective WL, work performance, and
ECG indicators.

The results of the subjective scale indicated that LOA2 could effectively reduce the
subjective WL of the subjects under HWL conditions. This indicates that machine fault
detection and diagnosis during task execution can help reduce the visual search load on
subjects. On the contrary, under LWL conditions, LOA3 can effectively reduce the subjective
WL of subjects, but this may lead to subjects being in underload state. Therefore, LOA2 can
effectively reduce the WL of subjects under HWL conditions.

Regarding the work performance of the subjects, the results showed that LOA2 signif-
icantly improved their comprehensive performance, accuracy, and response time under
unbalanced WLs. LOA2 allowed subjects to focus their limited attention on fault decision-
making and fault processing, which improved their attention level and reduced response
time [45]. LOA3 improved comprehensive performance, accuracy, and response time under
LWL, while also improving response time under HWL. Therefore, LOA2 has a positive
effect on improving work performance when dealing with unbalanced WLs.

In terms of physiological status, LOA had no significant effect on SDNN and pNN50
under both HWL and LWL conditions. However, it is worth noting that LOA2 could
significantly increase the RMSSD of subjects under HWL. Research has shown that an
increase in RMSSD is associated with a decrease in WL [46]. Therefore, LOA2 can effectively
reduce the WL of subjects under HWL.
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The information filtering and integration stage of LOA3 is fully automated, and
frequent pop-up interfaces can interfere with the execution of the current task. LOA3 may
overly simplify human responses to dynamic tasks, potentially limiting the operator’s
ability to adapt to unexpected situations. LOA2 can effectively reduce WL and improve
operator work performance in handling SBRS tasks under unbalanced WL conditions.
Therefore, in order to achieve human-centered, human-machine collaboration, the design
of human-machine function allocation must ensure that humans are the ultimate controllers
of the entire system [47,48]. This study suggests that LOA2 is the optimal choice for human-
machine function allocation.

6.2. Human-Machine Function Allocation in SBRS System

This study mainly proposed a new human-machine function allocation method, which
successfully determined LOA2 as the optimal human-machine function allocation scheme
by calculating the task complexity under different LOAs. It was experimentally verified that
the proposed LOA2 can significantly improve work performance and effectively reduce WL.
The conclusions drawn from this study can serve as a foundation for the design of human-
machine collaboration in future submersibles, aiming to optimize work performance and
reduce operator WL.

However, the introduction of automation will inevitably bring a series of risks, among
which of high concern is that the addition of automation could lead to operator complacency,
decreased operational skills, reduced alertness, and loss of situational awareness [25].
Therefore, in order to ensure that operators are in the human-in-the-loop throughout the
human-machine interaction tasks and improve the safety and reliability, it is necessary to
adopt dynamic functional allocation of the human-machine system to adapt to constantly
changing resource requirements [49,50]. Our future research will focus on the dynamic
functional allocation of human-machine systems.

6.3. Limitations

There are several limitations in the current research. (1) The sample sizes of the
experiments were relatively small, resulting in a large variance in the experimental results
of ECG data. Due to the small sample size, the statistical results were insufficient. Thus, the
finding of a p-value slightly above 0.05 also deserves attention. (2) This study was unable
to collect baseline physiological data from the subjects, and physiological measurement
parameters were limited to electrocardiogram indicators. In future research, we will ensure
the collection of baseline physiological data to evaluate more accurately the effectiveness
of automated interventions. More parameters should be recommended to study how WL
affects the physiological responses of subjects, such as EEG, respiratory parameters, and
the electromyograph. (3) Only one of our subjects had experience working as a submersible
OS officer. Thus, the results might differ from the test results of a real OS officer. However,
this study carried out a 2-week training to ensure that each subject could master the task
of the OS office in detail. Future studies participated by real OS officers are needed to
expand the external validity of the current findings. (4) The WL in actual work scenarios is
influenced by multiple factors. The STC assessment we are currently using may not cover
all dimensions. In order to gain a deeper understanding of the WL of subjects in different
work scenarios, we will strive to develop more comprehensive evaluation methods in
future research. This will help us to more accurately grasp and interpret the WL state of
the subjects in the actual work environment.

7. Conclusions

This study was devoted to improving the working performance of OS officers based
on the proposed human-machine function allocation method. Three measurement tech-
niques were used to analyze the impact of the proposed optimal human-machine function
allocation on OS officers. The following conclusions were obtained through the work.
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This study built a submersible SBRS system for OS officers. By analyzing the task
features and task flows of the OS office, an uneven task frequency was found for the OS
officer. The OS officer often faced LWL or HWL during the SBRS task. To ensure work
performance, this study proposed a human-machine function allocation method based
on the LOA taxonomy method and STC method. The method divided the fault handling
process of OS officers into three cognitive stages and proposed three LOAs for information
filtering and integration stage. Then, the task complexity of fault detection tasks under
each LOA was quantified using the STC method to construct the optimal human-machine
function allocation (LOA2). Finally, the experiment tests showed that LOA2 could improve
the work performance and WL of OS officers during the SBRS task period under the
unbalanced WL condition.

The results of this study attempt to provide a reference to allocate the human-machine
function for OS officers in the future. At the same time, the method proposed in this paper
can also be applied to other manned operating systems, such as aircraft, spacecraft, vehicles,
and so on.
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Appendix A

The appendix shows in detail the task complexity calculation process of ACS under
LOA1. Table A1 lists the task operation process and the visual interface area corresponding
to each operation behavior.

Table A1. Task decomposition of ACS.

Operation Steps Describe Interface Area

1 ACS Malfunction System window
2 Click “Detected” button Fault detection
3 Temperature specification /
4 Check the temperature of cabins 1–10 Temperature and humidity display window
5 Determine cabin Temperature and humidity display window
6 Report technician team Outside interface area
7 Technician decision Outside interface area
8 Receive fault decision results Outside interface area
9 Click the cabin button Operation window

10 Input decision information Operation window
11 Click the “Done” button Fault detection
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Figure A1 shows the actions control graph of ACS. The HALC is equal to the first-order
entropy of the actions control graph. The nodes of the first-order entropy in the action
control graph are divided into six categories, namely {1}, {2, 3, 6, 7, 8, 9, 10}, {4.1}, {4.2, 4.3,
4.4, 4.5, 4.6, 4.7, 4.8, 4.9, 4.10}, {5}, {11}. The probabilities of each type of node are 1/20, 7/20,
1/20, 9/20, 1/20, and 1/20, respectively. The specific formula is as follows:

HALC = −∑6
i=1 p(Ai) log2 p(Ai) = 4 × 1

20
log2

20
1

+
7

20
log2

20
7

+
9
20

log2
20
9

= 1.913 (A1)

The HASC is equal to the second-order entropy of the actions control graph. The nodes
of the second-order entropy in the action control graph are divided into 20 categories,
namely {1}–{11}. The probability of each stage is 1/20. The HASC value is as follows:

HASC = −∑20
i=1 p(Ai) log2 p(Ai) = 20 × 1

20
log2

20
1

= 4.322A (A2)

Figure A2 is the interface information interaction graph. Its nodes are divided into
27 categories, namely {SACS, SUDCS}, {system window}—{11}. The probability of the first
type of node is 2/28, and the probability of the remaining nodes is 1/28. The HIIIC is equal
to the second-order entropy of the interface information interaction graph. According to
the definition of second-order entropy, the HIIIC values is as follows:

HI I IC = −∑27
i=1 p(Ai) log2 p(Ai) = 26 × 1

28
log2

28
1

+
2

28
log2

28
2

= 4.736 (A3)

Similarly, The HICBC is equal to the second-order entropy of the information control
behavior graph. As shown in Figure A3, the number of second-order entropy nodes is 12.
The HICBC value is as follows:

HICBC = −∑12
i=1 p(Ai) log2 p(Ai) = 8 × 1

26
log2

26
1

+ 2 × 2
26

log2
26
2

+
3

26
log2

26
3

+
11
26

log2
26
11

= 1.089 (A4)

The STC of ACS under LOA1 can be determined by the Euclidean norm. The STC
value is defined as follows:

STCACS
LOA1 =

√
(α × HALC)2 + (β × HASC)2 + (γ × HI I IC)2 + (δ × HICBC)2 (A5)

Here, the values of α, β, γ, and δ are assumed to be 1/4 [29]. The task complexity value for
the ACS is 1.823.
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