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A measure of operation complexity in spaceflight is proposed using a weighted Euclidean norm based on
four factors: complexity of operation step size (COSS), complexity of operation logic structure (COLS),
complexity of operation instrument information (COII), and complexity of space mission information
(CSMI). The development of the operation complexity measure followed four steps. First, four factors
were identified to be reflected in the operation complexity measure for spaceflight. Second, the entropy
theory was adopted to measure the four factors. Then, the weights of the four factors were determined
based on a questionnaire survey of 10 astronauts. Finally, the operation complexity values of spaceflight
operations were determined by the weighted Euclidean norm of the four factors. To verify the validity of
this complexity measure, a one-factor experiment was designed to test the proposed hypotheses. Ten
subjects participated in the experiment and performed 179 trials. Both objective indexes (operation time
and error rate) and subjective indexes (workload evaluated by NASA Task Load Index questionnaire and
subjective complexity rating) were used in the experiment. The data analysis showed that the average
operation time, subjective complexity rating, and subjective workload could be predicted well from the
operation complexity value (R¼ 0.876, 0.802, and 0.698, respectively); and the error rate could only be
partly explained by the operation complexity value (R¼ 0.343).

Relevance to industry: The proposed operation complexity measure can be used for ergonomics evalu-
ation of spaceflight operation design. It can also be used for astronaut training planning. Training
resources can be allocated to spaceflight tasks according to their operation complexity.

� 2009 Elsevier B.V. All rights reserved.
1. Introduction

The importance of spaceflight and exploration programs and the
activities of astronauts in space have been increasingly recognized
worldwide. Effective astronaut operation can improve the reli-
ability and safety of manned spaceflight systems. On the other
hand, human error will reduce the reliability of a system, and even
lead to mission failure or catastrophic accidents (Wang and Huang,
1996; Nelson et al., 1998; Nelson, 1999). From 1971 to 1997, there
have been eight accidents involving spacecraft rendezvous and
docking (RVD), a critical spaceflight operation. Among the eight
accidents, five were due to human errors (Shayler, 2005). In order
to ensure the safety and reliability of manned spaceflight, much
research on countermeasures have been carried out (Ostrom et al.,
1992; Pierre and Gregory, 1995; Seastrom et al., 2004). Attention
has been paid to the design of aerospace systems and equipment
election and Training, China
ijing 100094, PR China.

All rights reserved.
(Pierre and Gregory, 1995; Seastrom et al., 2004). Only a few papers,
such as the report by Ostrom et al. (1992), directly addressed
human reliability. From the analysis of RVD mission failures, it
has been found that astronaut training is critical to improve
the reliability of manned spaceflight systems (Shayler, 2005).

In astronaut training, it is unreasonable and costly to assign the
same time and resources to different operations. It would be more
reasonable to allocate time for an operation according to its
complexity.

There have already been studies on complexity measures. Xing
and Manning (2005) reviewed the literature on complexity including
articles on general concepts, information complexity (Xing, 2004),
cognitive complexity (Rauterberg, 1992), and display complexity.
Davis and LeBlanc (1988) proposed the notion of computer program
complexity and compared several complexity measures. While these
studies were focused on different areas, they all agreed on three
factors associated with complexity: the quantity of basic information
elements (size), the variety of elements (variety), and the relationship
between elements (rule) (Xing and Manning, 2005).

In software engineering, several complexity measures have
been studied and developed. The entropy concept has been found
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to be able to act as a unified software complexity measure taking
into account different dimensions and factors (Gonzalez, 1995).
Actually, the entropy concept has commonly been used and tested
in various complexity measures (Davis and LeBlanc, 1988; Lew
et al., 1988; Park et al., 2001a). The above three aspects of
complexity were used to analyze the variety of chunks in a program
(Davis and LeBlanc, 1988), the complexity characteristics of data
structures (Lew et al., 1988), and the step complexity of emergency
operating procedures in nuclear power plants (Park et al., 2001a).

Though they can be analyzed from the similar complexity aspects,
the operations in spaceflight are quite different from those in nuclear
plants. The former is performed in a small cabin under a situation of
microgravity and isolation. Under those conditions, the layout and
method of instrument manipulation are important factors for the
operation complexity. In addition, under the guidance of grand
control support teams, astronauts have limited independent deci-
sion-making opportunities, but they do need to know many things
about the mission, such as the function and method of operation
for every subsystem.

Thus, a way to measure operation complexity in spaceflight was
preliminarily proposed in a symposium (Zhang et al., 2007), to
reflect the special situation in spaceflight operation. This paper
extensively describes the operation complexity measure in space-
flight and is also aimed at examining how operation complexity
correlates with the performance of operators. A one-factor exper-
iment was designed to test the proposed hypotheses.

The remainder of this paper is organized as follows. Section 2
describes the measure for operation complexity in spaceflight. The
experiment design is described in Section 3. The experiment results
and data analysis are presented in Section 4. The last section concludes
this paper.

2. Method

2.1. Spaceflight operation complexity measurement

One spaceflight mission is composed of many operation units,
one of which is an action group to achieve a defined purpose by
using human–machine interface, such as cabin environment control.
A spaceflight operation complexity measure was developed to
evaluate the design of the human–machine interface and spaceflight
operations. Thus, the complexity measure should reflect the char-
acteristics of the interface and operations. On the other hand, if the
interface and operations are well designed, we can expect better
operation performance; vice versa. In other words, the complexity
measure should have a good correlation with operation perfor-
mance. Therefore, the complexity measure could be validated by
correlation/regression analysis between complexity values and
performance values. The development of the operation complexity
measure followed four steps. First, four factors were identified to be
reflected in the operation complexity measure for spaceflight.
Second, the entropy theory was adopted to measure the four factors.
Then, the weights of the four factors were determined based on
a questionnaire survey of astronauts. Finally, the operation
complexity values of spaceflight operations were determined by the
weighted Euclidean norm of the four factors.

2.1.1. Identification of operation complexity factors
Edmonds (1999) indicated that the complexity of things depends

on which aspect you are concerned with. In astronaut training on
land, one of the main goals is to evaluate the design of the human–
machine interface and the spaceflight operations, which is also the
objective of the complexity study. The factors influencing spaceflight
operations were identified by a survey among 10 astronauts and 10
trainers of astronauts. All of the 20 subjects thought that the length
of operations, the logic structure of operations, the task information
for an operation, and the type and number of monitors and
controllers would affect the precision and reliability of operations in
spaceflight. Moreover, eight of the 10 astronauts considered that an
operation may also be influenced by other factors, such as micro-
gravity, small space, and personality. The influences of these factors
on individual spaceflight operations are complicated and are not
about the interfaces and operations to be evaluated, so they were not
considered in operation complexity measurement.

Finally, the following four factors were selected to describe the
operation complexity: the complexity of operation step size (COSS),
which evaluates the amount of actions contained in one operation unit,
the complexity of operation logic structure (COLS), which describes the
logical sequence to conduct the activities of one operation unit, the
complexity of operation instrument information (COII), which denotes
the type and number of monitors and controllers in one operation unit,
and the complexity of space mission information (CSMI), which is
related to the difficulty level of the task information for completing one
operation unit. In the step complexity proposed by Park et al. (2001a)
for nuclear plant emergency procedures, three factors were consid-
ered: the amount of operators’ actions in each step, the logic structure
of each step, and the amount of information in each step. The first two
factors considered in spaceflight operation complexity are similar to
Park et al.’s step complexity. However, the step complexity for nuclear
plants deals with the complexity of written procedures without
considering the issues of control interface, i.e. the layout and type of
instruments. It was found in ground spaceflight training that the layout
and methods of manipulating the interfaces have a demonstrable
effect on astronaut performance (Wang et al., 2006). Moreover, under
extreme conditions such as the small cabins, microgravityand isolation
in spaceflight, interface design becomes more critical to the success of
spaceflight missions (Morphew, 2001). So the layout and manipulation
methods should be regarded as an indispensable complexity factor in
spaceflight operation.

2.1.2. Measurement of operation complexity factors
With the advantage of taking into account different complexity

dimensions and factors (Gonzalez, 1995), entropy measures were
used to quantify the four factors. There are two kinds of entropy
measures for a graph in the entropy theory which were described in
Mowshowitz’s (1967) work: the chromatic information content (or
the first-order entropy) and the structural information content (or
the second-order entropy). In the case of a computer program
control graph, the first-order entropy can be used to evaluate the
regularity of the control logic of a given program, while the second-
order entropy can be used to evaluate the number of hierarchical
levels (or size) of the control graph, and thus can represent the
amount of information required to understand the graph.

To calculate the entropy values of a graph, first-order entropy
regards the nodes that have the same numbers of incoming arcs
and outgoing arcs as equivalent classes. Second-order entropy
considers nodes equivalent if they have the same number and type
of neighbors (one arc distance). The relative frequency of occur-
rence of a node type is the number of nodes in the class divided by
the total number of nodes in the graph (Davis and LeBlanc, 1988).

The entropy formula used in this paper is shown in Eq. (1),
where N is the number of node classes and P(Ai) is the relative
frequency of the class Ai:

H ¼ �
XN

i¼1

PðAiÞlog2PðAiÞ (1)

Fig. 1a shows a program control graph that describes the logic

sequence of a program (Davis and LeBlanc, 1988). A data structure
graph is shown in Fig. 1b, which denotes a data record with the
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following structure: Struct Data {int X [10]; int Y [10]; Bool Side}
(Lew et al., 1988).

In Fig. 1a, there are four node classes of first-order entropy: {a},
{b,c,e,f}, {d} and {g}. Thus, N¼ 4. The probabilities of the four node
classes are 1/7, 4/7, 1/7, and 1/7, respectively. They are denoted by
P(Ai) in Eq. (1). Thus, the value of first-order entropy of Fig. 1a is:

H1
Fig:1 ¼ �

�
1
7

log2
1
7
þ 4

7
log2

4
7
þ 1

7
log2

1
7
þ 1

7
log2

1
7

�
¼ 1:664:

Similarly, there are three node classes in Fig. 1b: {Data},
{Array(X), Array(Y)}, and {int, int, Bool} and the value of first-order
entropy is 1.459.

According to the notion of second-order entropy, there are five
node classes in Fig. 1a: {a}, {b,c}, {d}, {e,f }, and {g}. The probabilities
of the five node classes are 1/7, 2/7, 1/7, 2/7 and 1/7, respectively. So
the value of second-order entropy of Fig. 1a is:

H2
Fig:1 ¼ �

�
1
7

log2
1
7
þ 2

7
log2

2
7
þ 1

7
log2

1
7
þ 2

7
log2

2
7
þ 1

7
log2

1
7

�

¼ 2:236

Similarly, there are five node classes in Fig. 1b: {Data}, {Array(X),
Array(Y)}, {int}, {int}, and {Bool} and the value of second-order
entropy is 2.252.

To quantify the four factors for spaceflight operations, three
kinds of graphs need to be developed by an operation analysis. They
are the operation control graph, the operation instrument infor-
mation graph, and the mission information hierarchy graph. The
operation control graph is in the form of a program control graph
and depicts the logic structure to perform a task, while the oper-
ation instrument information graph and mission information
hierarchy graph are expressed in the form of data structure graphs
and demonstrate the instrument information and mission infor-
mation required to perform a task, respectively. These graphs are
described in more detail with examples in Section 2.1.4. The cor-
responding measures for the four factors are listed in Table 1.

2.1.3. Weighting operation complexity factors
It is not sufficient to simply add up the values of these factors,

since the four factors describe the operation complexity from the
aspects with different importance. Thus it is more proper to give
different weights for the four factors. The determination of the
weights of the four factors is an important part of the operation
complexity measure. Unfortunately, these weights cannot be
calculated objectively and accurately based on scientific principles.
Instead, they often have to be determined based on subjective
evaluation which is often obtained with some uncertainty. There-
fore, the Fuzzy Analytic Hierarchy Process (AHP) method and set-
valued statistics were used in this paper to calculate the weights
(Zhang et al., 2008).

AHP was first developed by Saaty (1980) and is widely used for
multi-criteria decision-making (Saaty, 1988). Traditional AHP
cannot express the uncertainty of human judgment. Thus, Fuzzy
AHP was developed, in which the uncertainties in comparison are
expressed as fuzzy sets or fuzzy numbers, such as ‘‘between three
and five times less important’’ (Tang and Beynon, 2005).

Fuzzy AHP was adopted in this study for the determination of
weights for the four complexity factors. It follows three steps.

2.1.3.1. Obtaining judgment matrices by pairwise comparisons. Ten
Chinese astronauts made pairwise comparisons among the four
factors. The Saaty’s 1–9 scales (indicating equal importance to the
extreme relative importance of one factor over another factor) were
used in these comparisons. To indicate the uncertainty in comparison,
three fuzzy levels were set for each pairwise comparison: high
certainty (�0.5); medium certainty (�1); and low certainty (�1.5) for
the judgment. Through a two-round survey with 10 astronauts, 10
matrices of pairwise comparisons were obtained. An element of the
comparison matrix, aij (i.e. a comparison of the ith factor with the jth
factor), is a triangular fuzzy number defined as aij¼ (lij, mij, uij), where
mij, uij, and lij are the median, upper bound, and lower bound values
for aij, respectively (Mikhailov and Tsvetinov, 2004). For example, one
expert thinks that the first factor is extremely important (9) than the
second factor with high certainty (�0.5), then a12¼ (8.5, 9, 9.5).

2.1.3.2. Determination of the weights in a single astronaut’s opin-
ion. For two triangular fuzzy numbers: a1¼ (l1, m1, u1) and a2¼ (l2,
m2, u2), the possibility of (a1� a2) is defined as V in Eq. (2) (Ji and
Zhang, 2005):

Vða1 � a2Þ ¼

8>>>><
>>>>:

1 m1 > m2

l2 � u1

ðm1 � u1Þ � ðm2 � l2Þ
m1 < m2; l2 � u1

0 others

: (2)

According to the comparison matrix of one astronaut, the impor-
tance level of the ith factor is defined as Si in the following Eq. (3):

Si ¼
X4

j¼1

aij5

0
@X4

i¼1

X4

j¼1

aij

1
A
�1

; (3)

so the possibility of the importance of one factor over another
factor is shown as di in Eq. (4):

di ¼ min
j¼1;.;4 jsi

V
�
Si > Sj

�
ði ¼ 1;2;3;4Þ: (4)

Then, the weight of each factor judged by an astronaut can be
determined from Eq. (5).

w ¼ ðw1;w2;w3;w4Þ

¼

0
BBB@

d1P4
i¼1 di

;
d2P4

i¼1 di

;
d3P4

i¼1 di;
;

d4P4
i¼1 di

1
CCCA: (5)

2.1.3.3. Determination of the final weights by set-valued
statistics. By the above two steps of Fuzzy AHP, 10 sets of the



Table 1
Operation complexity factors and measures.

Complexity factors Information graphs Measures

Complexity of operation step size (COSS) Operation control graph The second-order entropy of operation control graph
Complexity of operation logic structure (COLS) Operation control graph The first-order entropy of operation control graph
Complexity of operation instrument information (COII) Operation instrument information graph The second-order entropy of operation instrument information graph
Complexity of space mission information (CSMI) Mission information hierarchy graph The second-order entropy of mission information hierarchy graph
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weights judged by 10 astronauts were validated from the 10
comparison matrices w(k) (k¼ 1,.,10). Then, to integrate 10 astro-
nauts’ opinions, the 10 sets of weights were computed by the set-
valued statistics method, named Hadamard statistics to get the final
weights (Wei and Zhou, 1998) as

~wi ¼
� Y10

k¼1

~wðkÞi

� 1
10

; i ¼ 1;.;4: (6)

Then the weights were normalized as

wi ¼
~wiP4

i¼1 ~wi

; i ¼ 1;.;4: (7)

The final results are given in Fig. 2. The weights for the four
factors are 0.1725, 0.3821, 0.1965, and 0.2487, respectively.

The operation complexity can then be determined by the
Euclidean norm of the four factors:
OC ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð0:1725� COSSÞ2þð0:3821� COLSÞ2þð0:1965� COIIÞ2þð0:2487� CSMIÞ2

q
(8)

Check if O2 pressure <
10kPa AND cabin pressure is

between 80kPa and 90kPa

1

2.1.4. Evaluation of operation complexity
The operation complexity evaluation procedure includes the

following steps:

(1) Choose one operation unit;
(2) Analyze, collect and summarize the operation information of

the unit;
(3) Develop three types of information graphs for the operation

unit: operation control graph, operation instrument informa-
tion graph, and mission information hierarchy graph;

(4) Compute the values of the four factors according to Table 1;
(5) Determine the operation complexity value of the operation

unit according to Eq. (8).
COSS
0.1725

COLS
0.3821

COII
0.1965

CSMI
0.2487

Complexity of operation step size (COSS)

Complexity of operation logic structure (COLS)

Complexity of operation instrument information (COII)
Complexity of space mission information (CSMI)

Fig. 2. Weights of four operation complexity factors.
An example of a spaceflight operation unit is discussed here to
demonstrate how to evaluate operation complexity. Fig. 3 shows
the example, i.e. the operations when the oxygen pressure of the
cabin is below the standard level.

For the example, the required mission information, instrument
information, and operator actions were obtained from the operation
description, spacecraft control interface, and interviews with astro-
nauts and spaceflight experts. This unit was decomposed into 10
individual actions for the operation step size analysis. The mission
information analysis involved seven function steps (as shown in
Fig. 3). The results of the operation information analysis are listed in
Table 2.

Based on Table 2, the operation control graph was developed as
a flow chart of actions flow depicting the logic structure of the 10
actions, as shown in Fig. 4.

As shown in Table 2, the operation unit involves five instru-
ments. The O2 pressure gauge and the whole cabin pressure gauge
are located on the first page of the monitoring pages. The process
variable is the pressure of oxygen (P). The O2 flux gauge is located on
the second page of the monitoring pages. The process variable is flux
(L). Valve 1 has two switches and the process variables of each switch
can be considered as Boolean variables with ‘‘on/off’’ values. Valve 2
also has two switches and the process variables are also Boolean
variables. The more instruments there are involved in an operation
unit, the more complex the operation is. When one instrument is
used, it is necessary to know where the instrument is located, how to
Open Valve 1, AND do it
again after 3min

Check if
O2flux > 9L/min

Yes

No

Open Valve 2

Report to ground

2

Close Valve 1,
AND do it again after

3min 

3

Close Valve 2

4

5

6

7

Fig. 3. An operation unit example.



Table 2
Operation information of an operation unit example.

Mission information Operator actions Instrument information

1. Know two gauges’ state and judge variable values. 1.1. Check: O2 pressure< 10 kPa
1.2. Check: The cabin pressure is between 80 kPa and 90 kPa

1. O2 pressure gauge:
Location – p1
Variable type – P (Pressure)

2. Know valve 1 opening method and remember to do it again. 2.1. Open Valve 1
2.2. Open Valve 1 again after 3 min

2. Cabin pressure gauge:
Location – p1
Variable type – P

3. Know one gauges’ state and judge variable values 3. Check: O2 flux> 9 L/min 3. O2 flux gauge:
Location – p2
Variable type – L (flux)

4. Know Valve 1 closing method and remember to do it again. 4.1. Close Valve 1
4.2. Close Valve 1 again after 3 min

4. Valve 1:
Rule – two switches
Variable types – B (Boolean)

5. Know Valve 2 opening method. 5. Open Valve 2 5. Valve 2:
Rule – two switches
Variable types – B

6. Know Valve 2 closing method. 6. Close Valve 2
7. Know how to report. 7. Report to ground command
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manipulate the instrument and how to judge the values of the
process variables. The operation instrument information graph in
a data structure form with the above-mentioned items is illustrated
in Fig. 5. Here the S node simply represents the root node; the nodes
on the second level represent the instruments of the operation unit,
and the downmost nodes represent the datatypes of the corre-
sponding instruments. The location or the manipulated components
of an instrument are shown as intermediate nodes.

The mission information represents the amount of information
required for each step. According to spacecraft engineering knowl-
edge and previous space operation practice, the mission information
was divided into three levels similar to Park and Jung’s (2006) study:

Component level: The knowledge needed for one operation step
is related to the status and/or manipulation of an individual
component. For example, mission information of the action
‘‘Open Valve 2’’ is one single operation related to only one
function component in the spacecraft.
Subsystem level: The knowledge needed for the required action
is related to the statuses and/or manipulation of two or more
components. For example, the action ‘‘Check if O2 pressure
1

2

3

8

9

10

65

4

Yes

No

7

Fig. 4. Operation control graph of the example.
<10 kPa AND the cabin pressure is between 80 kPa and 90 kPa’’
involves two components: oxygen and cabin pressure
instruments.
System level: The knowledge needed for the required action is
related to a series of continuous state changes of two or more
subsystems. For example, the action ‘‘Check the change of O2

pressure AND the whole cabin pressure’’ involves system level
information.

A mission information hierarchy graph was also developed as
a data structure graph. Fig. 6 shows the knowledge levels of the
seven steps. Here S is the root node. The nodes on the second level
represent that there are seven functional steps in this operation
unit (as shown in Fig. 3), and the downmost nodes represent that
all the steps can be decomposed to the component level. The
intermediate nodes denote the actions (information) of the corre-
sponding steps.

The complexity of the operation step size is calculated from the
second-order entropy of the operation control graph. For the above
example shown in Fig. 4,

COSS ¼ H2
OCG ¼ �

�
10� 1

10
log2

1
10

�
¼ 3:322:

The complexity of the operation logic structure is calculated
from the first-order entropy of the operation control graph. For the
example shown in Fig. 4,

COLS ¼ H1
OCG ¼ �

�
3� 1

10
log2

1
10
þ 7

10
log2

7
10

�
¼ 1:357:

The complexity of the operation instrument information is
calculated from the second-order entropy of the operation instru-
ment information graph. For the example shown in Fig. 5,

COII ¼ H2
OIIG ¼ �

�
10� 1

14
log2

1
14
þ 2� 2

14
log2

2
14

�
¼ 3:236:

The complexity of the space mission information is calculated
from second-order entropy of the mission information hierarchy
graph. For the example shown in Fig. 6,

CSMI ¼ H2
MIHG ¼ �

�
14� 1

18
log2

1
18
þ 4

18
log2

4
18

�
¼ 3:725:
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Then the operation complexity of the example can be
determined:
OC ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð0:1725� COSSÞ2þð0:3821� COLSÞ2þð0:1965� COIIÞ2þð0:2487� CSMIÞ2

q
¼ 1:364:
2.2. Validation experiment

Since the complexity measure will be used for design evaluation
and training optimization, it is reasonable to validate it by corre-
lation analysis between complexity and performance data from
training or specially designed experiments. In Park’s study, the step
complexity measure has been proven in evaluating the complexity
of emergence operation procedure in nuclear plants (Park et al.,
2001b, 2002). Because training data may contain the effects of
various uncontrolled factors, in this study, the proposed complexity
measure was validated by a one-factor experiment.
2.2.1. Subjects
It may be better to choose current astronauts as subjects.

Unfortunately, the number and the free time of Chinese astronauts
S 

4 

41, 42 

2 

 

3 5 

 

1 

C C 

6 7 

11, 12 

C 

21, 22 

C C C C 

Fig. 6. Mission information hierarchy graph of the example.
are very limited. It was impossible to have Chinese astronauts
participate in this experiment. In the future, some new astronauts
will be selected from among scientists and engineers. Thus 10 male
engineers and researchers from China Astronaut Research and
Training Center were recruited as subjects for this experiment.
They participated in the experiment based on signed consent
forms. Their ages ranged from 22 to 35 years old. They all had
college education or above in science or engineering. These back-
grounds are close to the standard for future astronaut selection.
2.2.2. Experiment design
The experiment design is shown in Fig. 7.
In this experiment, the independent variable was operation

complexity. Seven operation units were chosen as the experiment
tasks, and their operation complexity values ranged from 0.8 to 1.7.

Both objective and subjective indexes were used to evaluate the
influence of operation complexity. The objective indexes included:
(1) Operation time: the time in which the subject succeeded in
finishing an operation unit; (2) Error rate: the total number of error
trials divided by the total number of repeated trials. The subjective
indexes included: (1) Workload: evaluated by the NASA Task Load
Index (NASA-TLX) questionnaire; (2) Subjective Complexity Rating
(SCR): the perceived complexity rated by the subjects.

NASA-TLX is a multi-dimensional rating procedure based on six
subscales: mental demand, physical demand, temporal demand,
performance, effort, and frustration level (NASA Ames Research
Center, 1987; Park and Cha, 1998; Noyes and Bruneau, 2007). Every
dimension was divided into 10 scales. The workload value was
obtained by adding up all the values of the six dimensions.

SCR is a single-item complexity rating, which was answered on
a 1–10 scale (1 – extremely simple, 10 – extremely complex) during
the last trial of the experiment by the subjects according to their
own complexity perception. Such kind of single-item rating has
been widely used to collect perceived complexity data from
subjects because it is simple, straightforward, and proved to have
good validity (e.g. Dong et al., 2007), although there are some other
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Fig. 7. Experiment design.
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complicated methods such as the information complexity ques-
tionnaires for air traffic control displays (Xing, 2008).

As a subjective evaluation, the reliability and validity factors of
SCR must be controlled (Murphy and Davidshofer, 2006). Then, an
appropriate statistic might be chosen to summarize the degree of
agreement between raters (Barrett, 2001). In this study, the
description of the SCR rating was checked by several astronaut
trainers. Before the formal experiment, the subjects were well
trained and familiar with the seven operation units. Intraclass
Correlation Coefficient (ICC, Shrout and Fleiss, 1979; McGraw and
Wong, 1996; Barrett, 2001) was chosen to examine the reliability of
the single-item rating. The ICC (A, 1) (McGraw and Wong, 1996) or
ICC (2, 1) (Shrout and Fleiss, 1979) model was adopted in the
examination.

2.2.3. Experiment tasks
The experiment tasks included seven spaceflight operation units

with complexity values ranging from 0.8 to 1.7: monitoring oper-
ation, electrical power operation, thermal control operation, pro-
pulsion operation, guidance, navigation and control operation,
environmental control operation, and overall checkout operation.

Each of the 10 subjects completed the seven operation units in
random sequence. A subject finished a trial when he completed all
the seven operation units. All subjects completed 18 trials except
one subject, who completed only 17 trials. In all, the 10 subjects
completed 179 trials.

2.2.4. Experiment facilities
The experiment platform was a full-scope spacecraft instrument

system, which included the spacecraft instrument panel and the
software modules (training support system). The instrument panel
was composed of two monitors and eight types of switches, the
same as those in a real spacecraft. Six types of switches were
involved in this experiment. The training support system could act
as the experiment support, which recorded important operation
actions and the corresponding times. Another time-recording
system was developed for this experiment to record the time
required to perform every operation unit. A video-recording system
was also installed in the experiment room.

2.2.5. Experiment procedure
The experiment was performed in the Instrument Panel

Training Lab at the China Astronaut Research and Training Center.
The experiment procedure included one preparation stage and two
formal experiment stages.

The subjects were prepared according to the following steps: (1)
read and listen to experiment introductions and sign a consent
form signed; (2) fill in the required personal information; (3) listen
to the experiment explanation and read detailed experiment
instructions; (4) take a series of cognitive ability tests (not included
in this paper); and (5) receive a theoretical training of the seven
operation units with the operation handbook.

The first formal experiment stage included the following steps:
(1.1) sign into the experiment; (1.2) receive theoretical training
again, this time at the experiment platform; (1.3) single switch
practice; (1.4) practice of the whole experiment process (the same
as the formal experiment sequence) once; (1.5) perform a formal
experiment for four trials; (1.6) take a break; (1.7) perform formal
experiment for four more trials; and (1.8) fill in the questionnaire
about the training methods and effects (not reported in this paper).
This stage was mainly a learning stage.

The interval between the first and second formal experiment
stages was three days. The second formal experiment stage
included four steps: (2.1) perform the formal experiment for five
trials; (2.2) take a break; (2.3) perform the formal experiment for
five more trials; and (2.4) fill in the subjective questionnaire of
NASA-TLX and complexity rating during the last trial. The first three
trials were designed to allow the subjects to recover the skills
acquired in the learning stage, and the performance during the
4th–9th trials at this stage will be analyzed for complexity measure
validation.

By the two-stage formal experiment design, the learning
process and operational skill recession can be observed (not
reported in this paper). In addition, because each trial typically took
10–15 min, the fatigue effect could be avoided by the above
procedure.

2.2.6. Data analysis
SPSS 13.0 for Windows� was used to process the experiment

data. Regression analysis was conducted to develop the quantita-
tive relationship between the operation performance (operation
time and error rate) and the operation complexity and that
between the subjective evaluation/rating and the operation
complexity. The fitness had little difference among different curve
models. Thus linear models were chosen. The reliability analysis of
SCR was examined with the Reliability Analysis function of SPSS, in
which Intraclass Correlation Coefficient, Two-Way Random Model
and Absolute Agreement were adopted.
3. Results

3.1. Complexity of selected operation units

The complexity values of the seven selected operation units
described in Section 2.2.3 were calculated according to the method
described in Section 2.1. The results are listed in Table 3.



Table 4
Operation performance of the selected operation units.

Operation unit Second formal experiment stage
(4th–9th trials)

Operation
time (s)

Error rate

M SD M SD

1. Monitoring operation 5.80 1.27 0.0167 0.0527
2. Electrical power operation 10.9 2.62 0.0167 0.0527
3. Thermal control operation 22.5 5.36 0.0333 0.0703
4. Propulsion operation 47.8 7.40 0.0333 0.0703
5. Guidance, navigation, and control operation 37.5 6.78 0.0167 0.0527
6. Environmental control operation 81.3 12.74 0.17 0.112
7. Overall checkout operation 83.5 11.57 0.05 0.0805
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3.2. Operation performance

Operation times and error rates of the 4th–9th trials at the
second formal experiment stage were calculated and are listed in
Table 4. The data were used for the validation of the proposed
operation complexity measure.

3.3. Subjective evaluation

Results of subjective evaluation and rating for the seven selected
operation units are listed in Table 5. The ICC value for SCR was
0.750, showing a good internal consistency among the subjects.

4. Discussion

4.1. Operation time

As shown in Fig. 8, the average operation time data were well
proportional to the operation complexity values (R¼ 0.876,
p< 0.001). The coefficients passed the t-test (both p< 0.001). Thus
the operation complexity measure can predict the operation time
quite well.

4.2. Error rate

Similarly, the error rates during the 4th–9th trials were
analyzed, as shown in Fig. 9. Only the linear model was valid
according to ANOVA test (p¼ 0.004). The coefficients passed the t-
test (p¼ 0.004 and p¼ 0.035, respectively). Although the model is
significant, the fitness was not satisfactory (R¼ 0.343). This implies
that the error rate can only be partly predicted from operation
complexity.

As described in the study of Morphew (2001), human errors
result from various factors like poor cockpit design, stress-related
factors, and training. Though the influence of control interfaces was
considered in the operation complexity measure, there were other
physiological and psychological factors that may have influenced
the error rate, such as carelessness, fatigue, hastiness and many
other factors addressed as performance shaping factors in the
existing theory on human reliability or human error (Hollnagel,
1998; Sharit, 2006; Park, 1987). However, these factors are mostly
not related to the interfaces and operation themselves and should
not be included in the complexity measure. These factors are much
more difficult to control during a validation experiment. Thus
complexity measures often have limitations in the prediction of
error rate. This has been found in other studies (e.g. Xu et al., 2009).
Therefore, error rate is not considered (Park et al., 2002) or
considered as a secondary criterion for similar validation.
Table 3
Operation complexity values of the selected operation units.

Operation unit Operation Complexity

COSS COLS COII CSMI Weighted
Sum

1. Monitoring operation 1.585 1.585 2.000 2.128 0.936
2. Electrical power operation 2.000 2.000 2.585 2.281 1.133
3. Thermal control operation 3.000 2.156 2.750 3.107 1.355
4. Propulsion operation 3.322 1.722 3.624 2.810 1.325
5. Guidance, navigation, and control

operation
3.459 2.005 3.975 2.869 1.436

6. Environmental control operation 3.807 1.921 4.004 3.866 1.585
7. Overall checkout operation 4.248 1.890 4.806 3.361 1.627

Note: COSS – complexity of operation step size; COLS – complexity of operation logic
structure; COII – complexity of operation instrument information; and CSMI –
complexity of space mission information.
Moreover, in the experiment, error rates were calculated from
a limited number of trials. The calculation of the error rate then had
a lower accuracy and may also have contributed to the bad corre-
lation between operation complexity and error rate.

4.3. Subjective evaluation

The curve estimation of NASA-TLX scores and operation
complexity values is shown in Fig. 10. The regression result indi-
cates that the NASA-TLX scores increased with operation
complexity values statistically (R¼ 0.698). The ANOVA results show
that the model was statistically significant (p< 0.001). The coeffi-
cients passed the t-test (both p< 0.001).

The SCR and operation complexity scores were also modeled.
Fig. 11 shows the regression analysis and ANOVA results. It can be
seen that the model was statistically significant (p< 0.001). The
coefficients passed the t-test (both p< 0.001). The fitness was
higher (R¼ 0.802) than that of the NASA-TLX (R¼ 0.698).

From the above two models, it can be concluded that the
operation complexity measure was reasonably consistent with
subjective evaluation and rating.

The relation of the operation complexity and operation perfor-
mance/workload has been studied in other areas. It was proven in
the nuclear power plant operation that high-complexity tasks and
lack of training may lead to a longer operation time, higher error
rate and subjective workload (Xu et al., 2008). Though the mental
workload is a multi-dimensional and meditational construct of
many factors in aviation (Gopher and Donchin, 1986; Hart and
Staveland, 1988), Hancock’s study indicated that the subjective
workload scores are sensitive to task difficulty (Hancock et al.,
1995). Svensson and Angelborg-Thanderz (1997) also found that
pilot mental workload was affected by task difficulty. Particularly,
the statistical analysis of the data collected in long-term space-
flights has revealed the relationship between astronaut errors
frequency and task complexity (Nechaev et al., 1998). Of course, the
above studies do not mean that human error should be blamed on
Table 5
Subjective evaluation and rating results.

Operation unit NASA-TLX SCR

M SD M SD

1. Monitoring operation 8.80 2.74 1.10 0.32
2. Electrical power operation 10.5 3.66 1.60 0.52
3. Thermal control operation 13.6 4.67 2.80 1.14
4. Propulsion operation 21.5 8.10 4.60 1.96
5. Guidance, navigation and control operation 20.2 7.27 3.90 0.57
6. Environmental control operation 27.6 8.15 6.60 1.78
7. Overall checkout operation 28.2 8.98 7.00 1.77

Note: SCR – Subjective Complexity Rating.
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task complexity solely; rather, that human error in aviation is
a result of factors like poor cockpit design, stress-related factors and
training (Morphew, 2001). The results of this study seem to be
consistent with the other studies, and by reflecting such relation-
ships, the proposed complexity measure can be used for perfor-
mance prediction, design evaluation, and training arrangement
reference.
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Fig. 10. Linear regression curve of NASA-TLX.
5. Conclusions

A one-factor experiment was designed in this study to verify the
suitability and validity of a proposed operation complexity measure
for spaceflight. Ten subjects participated in this experiment, which
included seven operation units. The operation performance and
subjective evaluation were compared with the operation
complexity values. The regression analysis results show that the
average operation time and subjective complexity rating can be
predicted well from the operation complexity, and the workload
can also be estimated from the operation complexity quite well;
however, the error rate can only be partly explained by the oper-
ation complexity. This might be because the proposed operation
complexity measure does not reflect other factors influencing
human error in spaceflight operations.

The operation complexity measure has been applied to astro-
naut training in recent missions in China and it has been demon-
strated as being suitable in evaluating a design for training and test
of spaceflight operations.

There are other issues to be considered in the operation
complexity measure in the future. The weights of the four factors
need to be further verified by more spaceflight experts and through
experiment data analysis. Moreover, astronaut training data will be
acquired and analyzed to help in the determination of the weights.
The classification of the instrument types and knowledge levels
may need to be further discussed by experts.

There were some limitations in the experiment. The experiment
system was one full-scope control panel system in the astronaut
training center without space environment effects, such as micro-
gravity, a small cabin or flight suits. The subjects participating in the
experiment were researchers and engineers rather than astronauts.
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