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Abstract: With the advantages of low fuel consumption, high departure efficiency, and green
environmental protection, the new civil aircraft departure mode of towing taxi-out has become the
preferred mode of civil aircraft departure for future smart airports. The process of civil aircraft towing
departure requires close collaboration and effective communication among multiple staff members,
and accidents are mostly caused by human errors. Therefore, it is crucial to perform human reliability
analysis. However, there are few reports or human reliability studies on civil aircraft towing
departure accidents. Although the Success Likelihood Index Method (SLIM) based on expert
experience may be an effective tool for assessing human reliability, SLIM relies heavily on expert
judgment to determine model parameters, which makes the method subjective and uncertain to
varying degrees. To overcome this, the present study uses the Dempster—Shafer evidence theory to
extend SLIM by fusing the judgments given by different experts, providing more accurate and
reliable results. Herein, the proposed model is used to study human reliability in the process of civil
aircraft towing departure. The results are conducive to reducing the human error probability of the
staff involved in the civil aircraft towing departure process and improving the overall safety level of
departure operations.

Keywords: dempster—shafer evidence theory; success likelihood index method; human reliability;
civil aircraft towing departure

1. Introduction

In the traditional flight departure process, the aircraft starts its engines as it is pushed out of the
berth by a tractor, and then the aircraft taxis to the runway and waits for takeoff [1,2]. In this
departure mode, the aircraft engine is always idling and running inefficiently, which consumes a
large amount of fuel, emits waste, and creates a high risk of human inhalation exposure, and the
coordinated operation of multiple departments leads to inefficiency [3]. Therefore, this departure
mode can no longer meet the requirements of high-quality and healthy development in civil aviation.
In this regard, the new towing taxi-out departure mode, in which the tractor connects to the front
landing gear of the aircraft and tows it from the berth to the takeoff runway, has become the focus of
domestic and international research [4].

Despite improvements in the safety of aircraft departures over the past two decades, safety
hazards still exist, and the damage caused by accidents still requires a high level of attention. Statistics
show that human error is the leading cause of accidents during aircraft departures [5,6], resulting in
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injuries or deaths, damage to the aircraft or tractor, and environmental pollution. Therefore, it is
necessary to identify potential human errors and estimate their probability.

In recent years, the study of human behavior has become a core topic for safety management,
reliability engineers, and civil aviation authorities owing to the crucial role of human factors in
reducing the incidence of aircraft departure accidents. In particular, human reliability analysis (HRA),
which helps identify the causes and consequences of human errors in different human-machine
systems [7], has been a core research area. Human reliability refers to the ability of a human to
accomplish a specific task without error under specific conditions and within a specific period of time
[8]. Currently, HRA consists of three main stages: qualitative evaluation, modeling, and quantitative
calculation. Quantitative calculations are conducted to calculate the human error probability (HEP)
value for each task, which is the main aim of HRA.

Researchers in various countries have proposed different HRA methods, such as the Technique
for Human Error Rate Prediction [9], Success Likelihood Index Methodology (SLIM) [10], Human
Error Assessment and Reduction Technique (HEART) [11], Cognitive Reliability and Error Analysis
Method (CREAM) [12], and Human Factors Analysis and Classification System (HFACS) [13], which
are widely used today. However, they all have drawbacks, such as a high degree of subjectivity and
uncertainty, and some potential dependencies between tasks are easy to ignore [14]. Faced with these
limitations, researchers have extended these methods using Dempster-Shafer (D-S) evidence theory,
evidential reasoning, Bayesian networks (BNs), and fuzzy set theory to overcome the drawbacks of
these methods and make them more applicable to the domain under study [15]. Akyuz [16] applied
fuzzy set theory to SLIM to address the ambiguity of expert judgment and decision expression in the
weighting process and demonstrated the proposed method using an example of the abandon ship
procedures in maritime transportation. Abrishami et al. [17] proposed a BN-SLIM model that not
only accounts for the possible dependencies between tasks but also reduces the subjectivity and
uncertainty due to the lack of data and expert judgment. Sezer et al. [18] extended SLIM with
evidential reasoning to address the subjectivity of expert judgment in weighting and rating. Zhou et
al. [19] combined D-S evidence theory with HEART to fuse the opinions of multiple experts and
assessed HEP during locomotive driving. Similarly, Musharraf et al. [20] combined evidence theory
with BNs to overcome the problem of inconsistent judgments among multiple experts and assessed
HEP during offshore emergency conditions. Groth and Swiler [21] transformed Standardized Plant
Analysis Risk Human Reliability Analysis (SPAR-H) into a BN, not only accounting for the
interdependencies among performance-shaping factors but also showing how to utilize the SPAR-H
BN for reasoning. Ji et al. [22] combined the best-worst method (BWM) and cloud modeling, where
the BWM improved the accuracy of the weighting of the influencing factors, and cloud modeling was
used to deal with the uncertainty of the expert judgment.

Although a variety of HRA methods have been proposed, each method has advantages and
disadvantages, which requires us to choose the appropriate analysis method with the most
appropriate characteristics for the specific task. Studies have shown that HEART, THERP, and SLIM
are generally the most commonly used methods for HRA [23]. HEART is a fast, reliable, and
understandable method that calculates HEP by determining the error-producing conditions [24].
However, HEART is highly subjective, and the 38 error-producing conditions that it contains do not
cover the entire civil aircraft towing departure process [25,26]. THERP, although relatively simple,
does not provide sufficient guidance for modeling performance-shaping factors and developing
specific scenarios [27,28]. In contrast, SLIM is a relatively effective method when there is not enough
data to calculate the HEP of a specific task or system [29,30]. The literature revealed that there are
few domestic and international reports on departure accidents, so it is difficult for researchers to
construct an aircraft departure human error database by extracting data from the text of accident
reports. Therefore, SLIM based on expert experience is more suitable as an HRA method in the
process of civil aircraft towing departure.

This paper presents a practical SLIM-based tool that can be used to calculate the HEP during
civil aircraft towing departure. SLIM is the most effective tool to start with when data are scarce. This
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method was proposed by Embrey et al. [10] and is commonly used for calculating HEP based on
expert experience. Human error is due to the combined effect of multiple performance-shaping
factors in a specific task [31]. During the calculation of HEP, the determination of performance-
shaping factors and their weights and ratings are given by expert assessments, which makes the
method subjective and uncertain to varying degrees [17]. To reduce this drawback, this paper extends
SLIM by leveraging the advantages of the D-S evidence theory, which can overcome the inconsistency
among expert judgments. To demonstrate the superiority of DS-SLIM over SLIM, the civil aircraft
towing departure process is used as an example. This paper is the first application of HRA to the field
of aircraft towing, providing both a practical research tool and significant research results. The
remainder of the paper is organized as follows: Section 2 introduces the basic research methodology
and the proposed research methodology. Section 3 applies the proposed methodology to the civil
aircraft towing departure operation. Section 4 presents the research results and discussion. Section 5
concludes the paper.

2. Methodology

This section presents a brief overview of the basic research methodology, followed by a detailed
description of the proposed research methodology.

2.1. SLIM

SLIM originates from the field of decision analysis and is commonly used in HRA. The method
states that an operator’s success in completing a task depends on the combined effect of multiple
performance-shaping factors (PSFs). The PSFs and their weights and ratings for a specific task are
evaluated by a panel of experts. The weight of a PSF indicates the importance of the PSF to the task,
and the rating of the PSF indicates the effectiveness of the PSF in executing the task [32]. The method,
although heavily dependent on the judgment of experts, is practical in cases where human error data
are difficult to obtain. As a result, SLIM has been used in the marine, railroad, and aerospace
industries [33-35]. The main steps of SLIM are task analysis, scenario definition, PSF derivation, PSF
rating, PSF weighting, success likelihood index (SLI) determination, and HEP calculation.

SLI indicates the composite rating for the task, the higher the SLI, the higher the probability of
success [36]. SLI is calculated by Eq. (1).

SLI =) RW, 1)
i=1
where n denotes the number of PSFs, Ri denotes the rating of the ith PSF, and Wi denotes the weight
of the ith PSF.
After calculating the SLI value, the SLI value can be converted to the HEP value using Eq. (2).

log(HEP) = aSLI +b (2)

where a and b are both coefficients to be determined and can be derived from known upper and lower
limits of the HEP.

2.2. D-S Evidence Theory

D-S evidence theory, which originated from Dempster’s research [37] in the use of upper and
lower limits of probability to solve multi-valued mapping problems and was later developed by
Shafer [38], is a mathematical method used for dealing with uncertainty reasoning problems. The a
priori data needed in evidence theory is more intuitive and easier to obtain than in probabilistic
reasoning theory, coupled with the fact that Dempster’s combination rule can synthesize knowledge
or data from different experts or data sources, which has led to the widespread use of D-S evidence
theory in fields such as expert systems and information fusion [39-42].
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In D-S evidence theory, the sample space consisting of all propositions is defined as the frame
of discernment and is denoted as ®, which is a complete set of N mutually exclusive elements
representing all possible answers to a given question. The set consisting of all subsets of © is called
its power set, denoted as 2°.

0={6.6,.....6,,...,0,] 3)

2° :{Q,{@},{ez},...,{eN},{@, 0,}r...{6.... a},...,{el,...,eN}} @)

Basic Probability Assignment (BPA) is the process of calculating the basic probability of each
piece of evidence in the frame of discernment ®. This process is accomplished using the BPA function
(also called the mass function). The BPA function, denoted as m, is a mapping of 2°to [0,1] and is

defined as
m:2° —[0,1] )
which must satisfy the following two conditions:
m(J)=0 (6)
D m(4)=1 )
4e2°

where m(A) denotes the level of trust in A based on the current environment, and A is called a focal
element, such that m(A) > 0 (A€2°).

According to D-S evidence theory, the rules for combining multiple mass functions are
expressed as follows:

0,4=02
mA)=1 . m(4)my(B)my(C,) o
40BN, N-=4 e
1-K
K= 3 mA)m(Bm(C,)- o

A4NB,NC,N-=D

K is a normalization constant that represents the degree of conflict between multiple independent
pieces of evidence m1, m2, ..., mn. The larger the value of K, the greater the degree of conflict [43-45].

2.3. The Proposed Methodology: D-S Evidence Theory-Extended SLIM Approach

In this section, a D-S evidence theory-extended SLIM approach is proposed for quantitatively
calculating the HEP in the civil aircraft towing departure process. The flowchart of the proposed
method is shown in Figure 1. The steps of the method are summarized as follows.

Step 1. Task analysis

The task analysis identifies the activities that must be completed by the staff in the civil aircraft
towing departure process. This is performed according to hierarchical task analysis (HTA), where the
main tasks are divided into sub-tasks [46,47]. In addition, this step is designed to prevent possible
accidents by identifying each step that can go wrong in the civil aircraft towing departure process.

Step 2. Scenario definition

This step defines various scenarios during the execution of tasks. A complete civil aircraft towing
departure process is a complex human operation that is based on four closely linked elements:
technology, physical environment, communication, and collaboration. The scenario definition
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provides a detailed description of the operation. As a result, we can clarify the operation environment
and identify possible human errors more accurately.

Step 3. PSF derivation

In this step, the group of experts, after research and discussion, determines the set of PSFs that
have the greatest impact on human performance. PSFs are a representation of the context, which is
given different names in different HRA methods, such as error-producing conditions in HEART and
common performance conditions in CREAM, and are indispensable in the probabilistic safety
analysis of a system.

Task
analysis
Scenario
definition

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, e
| " PSF i ]
3 | " derivation | e . e |
Lo | Calculation Fusing ‘
1 s .. of the evidence with | |
| Civil aviation = normalization improved rule | |
1 experts . 1 constant K of combination | |
: » PSF ratin : |
; ‘ E1,E2,E3,E4,Es, g 1 |
| Ee6,E7 | !
3 LE h 4 |
Y ] . |
i | ez Obtain fused |
PSF : weight fusion : 1
| > e ———————> ; weights for |
; weighting | based on matrix PSFs |
1 ‘ analysis |
| 4 |
| SLI # |
determination| |

Modified D-S evidence theory

| A 4
| HEP
| calculation

Figure 1. Flowchart of the proposed approach.

Step 4. PSF rating

In this step, the experts rate the individual PSFs for each task of the civil aircraft towing
departure operation using an 8-point scale (from 1 to 9). Then, the arithmetic means are calculated
for each task of the individual PSFs. The higher the rating, the more favorable it is for the operator to
complete the task. The expert ratings of PSFs are independent of each other.

Step 5. PSF weighting

In this step, the experts assign values to the PSFs between 0 and 100 based on their importance
in relation to the task and then calculate the normalized weight of each PSF. In this way, we can gain
a preliminary understanding of the relative impact of PSFs on civil aircraft towing departure
operations. This step also applies the D-S evidence theory to fuse the weights given by multiple
experts and deal with the subjectivity and uncertainty generated by the experts.

However, traditional D-S evidence theory has two obvious drawbacks. First, when there is a
large conflict between the evidence (i.e., the K-value is close to 1), direct computation using Eq. (8)
may provide less desirable results. Second, the required time increases exponentially as the number
of experts increases, and directly using Eq. (8) for data fusion causes the focal element explosion
problem. Thus, the present study proposes a D-S combination rule based on matrix analysis and
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weight assignment when performing data fusion [48]. Matrix analysis is used to reduce the amount
of computation, and weight assignment is used to solve the problem of conflicting evidence.

Assuming that there are n experts evaluating the system and that there are 6 PSFs, the BPAs
given through the experts are

M, my my, Mz My, Mys Mg
M m, m,, M., M., M. M
2 21 Ty Mhyz Ty Ty 5 T
M= “\= - = 7 7 7 (10)
Mn mnl ng mn3 mn4 mnS mn6

where mij represents the BPA of the jth PSF by the ith expert, and hence the row sum of this matrix is
1.
We multiply the transpose of M1 with M2 to obtain the matrix R.

my,
m,
ULE
un
s
M |

My Xny, e 1y XMy
[y my my my mg my]=| : (11)
My XM <= My XM

R=M"xM, =

The sum of the principal diagonal elements in the matrix R is the numerator in the combination
rule, and the sum of the non-principal diagonal elements is the degree of conflict K in the combination
rule.

Multiplying the column matrix formed by the main diagonal elements of matrix R with M3
yields the new matrix R.

Ty Xy XMy eee o 1y Xy, X g
R= : : (12)

My XMy XMy o0 Mg XMy XMy

At this point, the sum of the principal diagonal elements of the matrix R is still the numerator in
the combination rule, and the degree of conflict K is the sum of all the non-principal diagonal
elements of the original matrix R and the present matrix R.

This continues until the fusion of all n experts” assessments is completed. The sum of the non-
principal diagonal elements of all matrices R in this process is the degree of conflict K between the n
pieces of evidence.

When the value of K is close to 1, it is likely to produce counterintuitive fusion results. In this
case, the system can be improved using Eq. (13).

0, A=0
A= S (4)my(B,)my(C)-+ f(A), A% D 13)

4NB,NCN-=4
2. m,(A4)
where f(A4)=K-=—— is the probability assignment function for evidence conflict (i.e., the
n

degree of conflict between evidence, K), which is assigned to each element of the frame of

discernment. Therefore, this probability assignment function satisfies Z f(4A)=K . Since K no
Ace
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longer lies in the denominator, there is no need to worry about (1 — K)—0, indicating that this
improvement is successful [49].

Step 6. SLI determination

SLI can be calculated using Eq. (1). The larger the SLI value, the smaller the probability of an
error occurring,.

Step 7. HEP calculation

After calculating the SLI values, they can be converted to HEP values using Eq. (2). In this step,
absolute probability judgments for endpoints are used to determine the absolute probability of the
failure of endpoints to obtain the values of constants a and b.

3. Calculation of HEP in Civil Aircraft Towing Departure Process

In this section, the proposed DS-SLIM model is demonstrated using an example of a civil aircraft
towing departure operation. This is the first application of the D-S evidence theory-extended SLIM
approach in the field of civil aircraft towing departure, and the research results are innovative and
referable.

3.1. Problem Statement

In the towing taxi-out departure mode, the aircraft relies on the tractor power to directly
complete the efficient transfer from the berth to the takeoff runway. This process requires close
collaboration and communication between the driver, pilot, air traffic control (ATC), and other staff.
If there is an improper operation by the personnel, collision, side-slip, tail-flip or even folding may
occur, which may lead to serious accidents. Therefore, the human factor is important to consider in
the process, and it is necessary to identify potential human errors and estimate the probability of their
occurrence.

3.2. Task Analysis and Scenario Definition

The HTA consists of a set of hierarchical tasks that can provide a systematic description of the
complete operational process. The HTA was used by seven experts to divide the complete civil
aircraft towing departure process into four main tasks, namely preparation for towing taxi-out, push-
back, towing taxi-out, and separation. Then, the sub-tasks related to human factors in each main task
were analyzed, and a total of 36 sub-tasks were defined. Table 1 outlines the detailed task analysis.

Once the task analysis was completed, a realistic civil aircraft towing departure scenario was
defined, which provided a detailed description of the operation and environment for expert
evaluation. The civil aircraft towing departure task began in the morning with clear weather and
unobstructed roads. Pilots, drivers, ground crew, and ATC were involved throughout the task. The
working environment, time pressure, staff experience, proficiency, and skills of communication and
collaboration all met the requirements of the job. Moreover, the pilots and drivers were in high spirits
owing to adequate rest. During the towing and taxi-out, pilots and drivers strictly followed the
prescribed speeds and routes, following ground traffic rules and airport regulations. Moreover, the
noise level and mental workload were acceptable.

Table 1. Tasks for civil aircraft towing taxi-out departure.

1 Preparation for towing taxi-out.

1.1  Ground crew conducts a cleanliness check of the aircraft exterior.

1.2 Ensure all cargo doors, passenger doors, and emergency exits are closed and locked.

1.3 Check the landing gear to make sure they have no visible damage or abnormalities.

14  Ground crew ensure seats, armrests, and other equipment are in their normal position and
check cabin equipment is working properly.

1.5  Ensure aircraft fuel quantity is sufficient to support scheduled flights, as well as landings
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and emergencies.

1.6  Pilot performs self-tests of avionics systems to ensure they are working properly.

1.7 Ensure proper functioning of the air pressure system.

1.8  Conduct communications tests to ensure radio communications equipment is functional.

1.9  Pilot calibrates the aircraft's compass to ensure accurate heading information.

1.10 Pilot conducts final confirmation and evaluation of the route, weather conditions, airport
information, etc.

2 Push-back.

2.1  ATC gives push-back instructions to the pilot and driver.

2.2 Pilot turns on the red anti-collision light on the belly, and the visual recognition device of
the tractor recognizes it.

2.3  Pilot sends push-back commands by voice to the electronic flight bag (EFB) software.

2.4  Ensure the EFB software receives information from the pilot, the very high frequency (VHF)
equipment, and the visual identification device of the tractor, and ATC is notified if the
information is not received in full; repeat until the information is received in full.

2.5  Pilot confirms the start of push-back in the EFB interactive software interface.

2.6 ATC gives the start command to the driver.

2.7 The tractor slowly backs up to the front wheels of the aircraft.

2.8  The tractor stops when the wheel-holding mechanism touches the front wheel.

2.9  The wheel-holding mechanism holds the front wheels and raises the front landing gear.

2.10 Ensure the wheel-holding mechanism is securely coupled to the front wheel.

2.11 The tractor pushes the aircraft backward at a safe speed and angle to the designated position.

3 Towing taxi-out.

3.1  ATC gives towing taxi-out instructions to the pilot and driver.

3.2  The pilot turns on the taxi light and the tractor’s visual recognition device performs
recognition.

3.3  Pilot sends a towing taxi-out command by voice to the EFB software.

3.4  Ensure the EFB software receives information from the pilot, the VHF equipment, and the
visual identification device of the tractor, and notify ATC if the information is not received
in full; repeat until the information is received in full.

3.5  Pilot confirms start of towing taxi-out in the EFB interactive software.

3.6  Pilot taxis at prescribed speeds and routes, following ground traffic rules and airport
regulations.

3.7  Ensure safety during towing taxi-out, and if there is a danger, alert ATC, who issues a stop-
and-return command.

3.8  Arrive at the designated area at the start of the runway and park.

4 Separation.

41  ATC gives separation instructions to the pilot and driver.

42  Pilot turns off the taxi light and the tractor’s visual recognition device performs recognition.

43  Pilot sends separation command by voice to the EFB software.

44  Ensure the EFB software receives information from the pilot, the VHF equipment, and the
visual identification device of the tractor, and notify ATC if the information is not received
in full; repeat until the information is received in full.

4.5  Pilot confirms separation in the EFB interactive software.
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4.6  Tractor lowers the front landing gear.

4.7  Tractor separates from the aircraft’s front landing gear and moves to the designated position.

3.3. Deriving and Rating PSF

The PSFs were determined by a panel of experts who relied on references, in addition to their
own extensive experience. The expert group consisted of seven members, one professor, two masters,
two drivers, and two pilots, who have solid theoretical knowledge and rich practical experience. The
references came from the International Civil Aviation Organization and the Civil Aviation
Administration of China, including papers reported by Akyuz et al., which are authoritative and
referable. After research and discussion, a total of six PSFs, namely task complexity, environmental
conditions, time pressure, training and exercises, experience, and communication, were identified
(Table 2). The experts rated the PSFs for each task using an 8-point scale (from 1 to 9). Then, the
arithmetic means were calculated for each task of the six PSFs. The specific values are shown in Table
3.

Table 2. Tasks for civil aircraft towing taxi-out departure.

PSF Number PSFs
PSF1 Task complexity
PSF2 Environmental conditions
PSF3 Time pressure
PSF4 Training and exercises
PSF5 Experience
PSF6 Communication

Table 3. Mean of PSF ratings.

PSF1 PSEF2 PSE3 PSF4 PSF5 PSEF6

1
1.1 6.8571 4.8571 4.4286 2.8571 4.4286 5.5714
1.2 6.0000 5.7143 4.1429 2.4286 3.2857 4.2857
1.3 5.8571 5.4286 4.8571 3.4286 3.4286 4.2857
1.4 6.0000 7.4286 4.8571 4.7143 4.2857 4.8571
1.5 5.8571 5.7143 5.4286 4.5714 3.5714 4.2857
1.6 4.4286 5.8571 5.0000 2.7143 1.5714 4.8571
1.7 6.1429 6.1429 6.1429 3.2857 2.4286 5.7143
1.8 5.5714 5.1429 5.5714 3.8571 3.7143 0.8571
1.9 5.0000 5.1429 5.8571 3.0000 2.5714 5.1429
1.10 2.4286 3.4286 3.5714 2.8571 3.0000 3.0000

2
2.1 6.2857 6.4286 5.0000 4.0000 47143 1.0000
22 6.1429 5.0000 6.1429 3.5714 4.4286 5.1429
2.3 7.7143 6.2857 6.7143 3.8571 3.7143 1.5714
24 4.5714 6.2857 5.1429 3.0000 4.2857 1.5714
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2.5 6.0000 6.2857 6.2857 3.4286 45714 3.8571
2.6 7.2857 6.1429 6.2857 3.8571 4.5714 1.8571
2.7 3.5714 3.8571 5.4286 2.2857 2.0000 2.5714
2.8 4.2857 3.1429 5.5714 2.4286 2.4286 3.1429
29 4.4286 4.1429 5.4286 3.4286 3.0000 4.1429
2.10 5.4286 4.1429 6.1429 3.7143 3.0000 4.5714
2.11 0.5714 2.0000 3.1429 1.5714 1.8571 3.8571
3
3.1 6.4286 6.2857 5.5714 4.0000 4.0000 0.7143
3.2 5.0000 3.5714 6.0000 3.5714 4.5714 4.0000
3.3 7.0000 5.0000 5.5714 4.4286 5.5714 5.0000
34 5.1429 5.8571 3.8571 3.4286 2.7143 0.8571
3.5 6.1429 5.1429 6.5714 4.4286 4.4286 4.8571
3.6 2.2857 1.8571 3.5714 1.7143 2.1429 2.7143
3.7 1.7143 2.8571 2.7143 1.5714 2.2857 1.1429
3.8 5.1429 3.2857 4.2857 2.7143 3.1429 3.1429
4
4.1 6.7143 6.4286 4.4286 2.7143 4.1429 1.5714
42 6.2857 2.5714 6.7143 4.2857 5.1429 5.7143
4.3 7.0000 4.0000 5.2857 3.4286 5.4286 2.5714
44 5.0000 4.0000 5.5714 3.5714 3.7143 0.5714
4.5 6.5714 6.1429 5.7143 3.7143 4.8571 5.2857
4.6 5.4286 4.2857 6.5714 4.1429 4.2857 4.5714
4.7 5.2857 3.7143 4.2857 3.2857 3.7143 3.8571

3.4. PSF Weighting

After deriving the PSFs, the experts assigned values between 0 and 100. The specific values are
shown in Table 4. Considering the differences in the theoretical knowledge and practical experience
of each expert, the rating results are naturally different. Considering the normalized weight given by
each expert as evidence, fusing the weights given by multiple experts can be regarded as an evidence
fusion problem. Because the experts have different knowledge backgrounds, conflicts among them
need to be considered before fusing their normalized weights. Therefore, we need to calculate the
normalization constant K that represents the degree of conflict among them.

The BPA function can be derived from Table 4 as

01852 0.1667 0.1296 0.1667 0.1852 0.1667 |
0.1600 0.1600 0.1400 0.1600 0.1800 0.2000
0.1569 0.1569 0.1373 0.1961 0.1765 0.1765

M =]0.1961 0.1569 0.1765 0.1765 0.1373 0.1569
0.1731 0.1923 0.1346 0.1538 0.1538 0.1923
0.1702 0.1489 0.1277 0.1915 0.1702 0.1915

1 0.1961 0.1765 0.1569 0.1569 0.1373 0.1765 |
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Multiplying the transpose of M1 with M2 according to Eq. (11) yields the matrix R1.

10.0296  0.0296 0.0259 0.0296 0.0333 0.0370 |
0.0267 0.0267 0.0233 0.0267 0.0300 0.0333
0.0207 0.0207 0.0181 0.0207 0.0233 0.0259

' 10.0267 0.0267 0.0233 0.0267 0.0300 0.0333
0.0296 0.0296 0.0259 0.0296 0.0333 0.0370

10.0267 0.0267 0.0233 0.0267 0.0300 0.0333

The sum of the non-primary diagonal elements of matrix R1 is denoted as K1, K1 = 0.8322. The
column matrix formed by the primary diagonal elements of matrix R1 is multiplied with M3 to obtain
a new matrix R2. The sum of the non-primary diagonal elements of the new matrix R2 is calculated
as K2, K2 =0.1395. This process is repeated, and the matrices R1 to R6 and the normalization constant
K are shown in Table 5.

K =0.99998 was calculated, indicating that there is clear conflict among the seven experts.
Therefore, unsatisfactory results will be obtained using the traditional D-S combination rule. The
fused weights calculated with the improved combination rule are shown in Table 4.

Table 4. Fused weights of PSFs.

Expert PSF1 PSF2 PSF3 PSF4 PSF5 PSF6 >

Expert1  Assigned 100 90 70 90 100 90 540
Weight
Normalized 0.1852  0.1667  0.1296  0.1667  0.1852  0.1667
Weight

Expert2  Assigned 80 80 70 80 90 100 500
Weight
Normalized 0.1600  0.1600  0.1400  0.1600  0.1800  0.2000
Weight

Expert3  Assigned 80 80 70 100 90 90 510
Weight
Normalized 0.1569  0.1569  0.1373  0.1961  0.1765  0.1765
Weight

Expert4  Assigned 100 80 90 90 70 80 510
Weight
Normalized 0.1961  0.1569  0.1765 01765  0.1373  0.1569
Weight

Expert5  Assigned 90 100 70 80 80 100 520
Weight
Normalized 01731 01923  0.1346  0.1538  0.1538  0.1923
Weight

Expert6  Assigned 80 70 60 90 80 90 470
Weight
Normalized 0.1702  0.1489  0.1277 01915 0.1702  0.1915
Weight

Expert7  Assigned 100 90 80 80 70 90 510
Weight
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Normalized 0.1961 01765  0.1569  0.1569  0.1373  0.1765
Weight
Fused Weight 0.1768  0.1654 0.1432 0.1716  0.1629  0.1800

Table 5. Fused matrices R1 to R6 and normalization constant K.

Ri= Ro=
0.0296 0.0296 0.0259 0.0296 0.0333 0.0370 0.0046 0.0046 0.0041 0.0058 0.0052 0.0052
0.0267 0.0267 0.0233 0.0267 0.0300 0.0333 0.0042 0.0042 0.0037 0.0052 0.0047 0.0047
0.0207 0.0207 0.0181 0.0207 0.0233 0.0259 0.0028 0.0028 0.0025 0.0036 0.0032 0.0032
0.0267 0.0267 0.0233 0.0267 0.0300 0.0333 0.0042 0.0042 0.0037 0.0052 0.0047 0.0047
0.0296 0.0296 0.0259 0.0296 0.0333 0.0370 0.0052 0.0052 0.0046 0.0065 0.0059 0.0059
0.0267 0.0267 0.0233 0.0267 0.0300 0.0333 0.0052 0.0052 0.0046 0.0065 0.0059 0.0059

Ki=0.8322 K2=0.1395

Rs= Rs+=1.0E-03*
0.0009 0.0007 0.0008 0.0008 0.0006 0.0007 0.1577 0.1753 0.1227 0.1402 0.1402 0.1753
0.0008 0.0007 0.0007 0.0007 0.0006 0.0007 0.1136  0.1262 0.0883 0.1009 0.1009 0.1262
0.0005 0.0004 0.0004 0.0004 0.0003 0.0004 0.0761 0.0845 0.0592 0.0676 0.0676 0.0845
0.0010 0.0008 0.0009 0.0009 0.0007 0.0008 0.1597 0.1774 0.1242 0.1420 0.1420 0.1774
0.0012 0.0009 0.0010 0.0010 0.0008 0.0009 0.1397 0.1553 0.1087 0.1242 0.1242 0.1553
0.0012 0.0009 0.0010 0.0010 0.0008 0.0009 0.1597 0.1774 0.1242 0.1420 0.1420 0.1774

Ks=0.0237 Ka=0.0039

R5=1.0E-04* Re=1.0E-05*
0.2685 0.2349 0.2014 0.3020 0.2685 0.3020 0.5264 0.4738 0.4211 0.4211 03685 0.4738
0.2148 0.1879 0.1611 0.2416 0.2148 0.2416 0.3685 0.3316 0.2948 0.2948 0.2579 0.3316
0.1007 0.0881 0.0755 0.1133 0.1007 0.1133 0.1481 0.1333 0.1185 0.1185 0.1037 0.1333
0.2416 0.2114 0.1812 0.2718 0.2416 0.2718 0.5330 0.4797 0.4264 0.4264 0.3731 0.4797
0.2114 0.1850 0.1586 0.2379 0.2114 0.2379 0.4146 03731 0.3316 03316 0.2902 0.3731
0.3020 0.2643 0.2265 0.3398 0.3020 0.3398 0.6663 0.5996 0.5330 0.5330 0.4664 0.5996

Ks= 6.5120E-04 Ke=1.1257E-04

K=Ki+ K2+ Kz+ Ka+ K5+ Ks=0.99998

3.5. SLI Determination and HEP Calculation

Through the above steps, we obtained the arithmetic mean for the rating and fusion values of
the normalized weights. Then, the SLI values for each sub-task were calculated using Eq. (1), which
were transformed into HEP values using Eq. (2), where a and b are two constants to be determined
and need to be substituted with the known HEP and SLI values of the two sub-tasks to be determined.
For civil aircraft towing departure operations, no HEP values for the relevant sub-tasks have been
recorded in the literature or by civil aviation companies. Therefore, using absolute probability
judgments for endpoints, the experts made a judgment on the best- and worst-case scenarios for the
civil aircraft towing departure process [16,18,50]. After substituting these two endpoints (SLI=1, HEP
=0.9 and SLI =9, HEP = 10-4) into Eq. (2), solving the coupled equations yielded a =-1.1381 and b =
1.0328. The SLI and HEP values are shown in Table 6.

Table 6. SLI and HEP values for each sub-task of civil aircraft towing departure operations.

Task SLI log (HEP) HEP
1.1 486 ~4.50 1.11E-02
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1.2 4.32 -3.89 2.05E-02
1.3 4.55 -4.14 1.59E-02
1.4 5.37 -5.08 6.25E-03
1.5 4.90 -4.54 1.07E-02
1.6 4.06 -3.59 2.75E-02
1.7 4.97 —-4.62 9.81E-03
1.8 4.06 -3.58 2.78E-02
1.9 4.43 -4.01 1.81E-02
1.10 3.03 -2.41 8.96E-02
21 4.53 -4.12 1.63E-02
2.2 5.05 -4.72 8.93E-03
2.3 4.92 —-4.56 1.04E-02
24 4.08 -3.61 2.70E-02
25 5.03 -4.69 9.19E-03
2.6 4.95 -4.60 1.01E-02
27 3.23 -2.64 7.13E-02
2.8 3.45 -2.90 5.51E-02
29 4.07 -3.60 2.74E-02
2.10 4.47 -4.06 1.73E-02
2.11 2.15 -1.41 2.44E-01
3.1 4.44 -4.02 1.79E-02
3.2 441 -3.99 1.85E-02
3.3 5.43 -5.15 5.81E-03
34 3.62 -3.08 4.59E-02
3.5 523 -4.92 7.27E-03
3.6 2.35 -1.65 1.93E-01
3.7 2.01 -1.26 2.84E-01
3.8 3.61 -3.08 4.61E-02
4.1 4.31 -3.87 2.08E-02
4.2 5.10 -4.77 8.46E-03
4.3 4.59 -4.19 1.51E-02
44 3.66 -3.14 4.34E-02
4.5 5.38 -5.09 6.18E-03
4.6 4.84 —4.48 1.14E-02
4.7 4.03 -3.55 2.87E-02

4. Findings and Discussion

In this paper, the proposed DS-SLIM model is used to study human reliability during civil
aircraft towing departure. After the experts finished their analysis, it was concluded that task
complexity, environmental conditions, time pressure, training and exercises, experience, and
communication are the six most important factors. Among them, training and exercises, task
complexity, and communication have the most prominent influence on operators. As seen in Figure
2, the four sub-tasks most prone to human error are sub-task 3.7 (Ensure safety during towing taxi-
out, and if there is a danger, alert ATC, who issues a stop-and-return command), sub-task 2.11 (The
tractor pushes the aircraft backward at a safe speed and angle to the designated position), sub-task
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3.6 (Pilot taxis at prescribed speeds and routes, following ground traffic rules and airport regulations),
and sub-task 1.10 (Pilot conducts final confirmation and evaluation of the route, weather conditions,
and airport information).

Sub-task 3.7 has the highest HEP value (2.84E-01). During the towing taxi-out process,
unpredictable conditions may be encountered, which require accurate and quick anticipation by the
pilot and driver, as well as correct and reasonable instructions from ATC. Since this sub-task is
executed when danger is imminent, failure of this sub-task can substantially increase the accident
rate. In this case, experience and time pressure are the main factors leading to high HEP. To
successfully complete this sub-task, the pilot and driver must be in good physical condition and
remain focused at all times during the towing taxi-out process to deal with unexpected situations that
may arise. In addition, basic knowledge and the exchange of experience among employees are
necessary to help pilots and drivers anticipate unexpected situations.

Sub-task 2.11 also has a high HEP (2.44E-01). In this sub-task, the tractor is used to propel the
aircraft backward into the berth at a safe speed and angle. Unlike conventional vehicle driving, the
tractor driver needs to face backward during the push-back to obtain a better field of view. This
difference in driving habits can present some challenges to the driver. If there is improper behavior
during driving that causes the tractor to exceed a safe speed or angle, the tractor is highly susceptible
to folding with the aircraft. The failure of sub-task 2.11 can result in a serious accident and requires a
high level of attention. Training and exercises can improve the proficiency of drivers, thereby
reducing the occurrence of human errors.
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Figure 2. Flowchart of the proposed approach.

Sub-task 3.6 (HEP of 1.93E-01) also requires a high degree of attention. During towing taxi-out,
the power system is provided by the tractor while the pilot needs to maneuver the aircraft-tractor
system and complete a series of operations such as acceleration, deceleration, and turning. The
process requires the pilot to keep a constant eye on the road conditions, as well as perform various
operations using the human-machine interface, which requires significant attention and mental
dexterity. As a result, time pressure may cause pilots to perform improper maneuvers. In addition,
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rain or snow can limit the speed of the tractor, and if the pilot fails to drive at a safe speed, the aircraft-
tractor system is highly susceptible to side-slipping and folding during turns. To improve safety in
the towing taxi-out process, the pilots’” work pressure can be reduced by optimizing the human-
machine interface and designing intelligent driver assistance systems.

The checks in the preparation phase are critical, with sub-task 1.10 (HEP of 8.96E-02) having the
greatest potential for human error. Even though the crew has scrutinized the fuel quantity, avionics
system, air pressure system, and communication equipment, it is still possible that checks have been
missed, thus requiring the pilot to perform a final confirmation and evaluation of the critical systems.
In this case, because careful scrutiny was already performed by the crew, the pilot may be careless or
even ignore this issue. This error may be caused by poor working conditions or lack of experience. In
addition, fatigue or lack of safety awareness may also contribute to this situation.

According to the results, the HEP values of the sub-tasks in the process of civil aircraft towing
departure are consistent with the experts’ expectations. Therefore, the four sub-tasks with the highest
HEP values are discussed, and in addition to analyzing the causes and consequences of the errors,
the corresponding reduction measures are given. This study can serve as a reference for civil aviation
companies in the safety management of civil aircraft towing departure.

5. Conclusions

Civil aircraft towing departure is a highly dynamic multivariable process. Quantifying the HEP
throughout the entire process can significantly improve the overall safety of the operation. Although
SLIM is particularly effective for quantifying the HEP in the presence of data scarcity, we used the
improved D-S evidence theory to fuse the judgments given by seven experts, thus developing a SLIM-
based D-S evidence theory approach. This approach can overcome the problem of inconsistent expert
judgments by fusing information from multiple sources, providing more reasonable data for the HEP
calculation and serving as a practical tool for HRA in other industries.

Herein, HRA is applied to the field of civil aircraft towing departure for the first time, and the
proposed DS-SLIM model is used to calculate the HEP of each sub-task in the departure process,
which fills the research gap in this field. Based on SLIM, the group of experts derived a total of six
PSFs, namely task complexity, environmental conditions, time pressure, training and exercises,
experience, and communication, and gave their weights and ratings according to references and their
own experience. To overcome the subjectivity and uncertainty of expert judgment in the weighting
phase, an improved D-S evidence theory was used to fuse the normalized weights given by the seven
experts. Then, the obtained arithmetic means for the rating and fusion values of the normalized
weights were used to calculate the final HEP values. The resulting HEP values range from 5.81E-03
to 2.84E-01, where the three sub-tasks with the highest HEP values are sub-task 3.7 (2.84E-01), sub-
task 2.11 (2.44E-01) and sub-task 3.6 (1.93E-01). In addition, we analyzed the possible causes and
consequences of human errors in the sub-tasks with high HEP values and mentioned reduction
strategies.

The quantification of correlations between PSFs and other human factors, as well as correlations
among PSFs, can be considered in future studies using complex network theory. In addition, the
identification and HEP calculation of unsafe behaviors in departure accidents can be further
investigated. Moreover, other methods for dealing with uncertain information (e.g., BNs and fuzzy
set theory) can be considered to extend SLIM and potentially improve the objectivity of expert
judgments in the civil aircraft towing departure process.
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