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A Fuzzy-association-rule based Knowledge Management System for
Occupational Safety and Health Programs in Cold Storage Facilities

Abstract

Purpose — This paper aims at improving operational efficiency and minimizing accident
frequency in cold storage facilities through adopting an effective occupational safety and health
program. The hidden knowledge can be extracted from the warehousing operations in order to
create the comfortable and safe workplace environment.

Design/methodology/approach — A fuzzy-association-rule based knowledge management
system (FARKMS) is developed by integrating fuzzy association rule mining (FARM) and
rule-based expert system (RES). FARM is used to extract hidden knowledge from real
operations to establish the relationship between safety measurement, personal constitution, and
KPI measurement. The extracted knowledge is then stored and adopted in the RES to establish
an effective occupational and safety program. Afterwards, a case study is conducted to validate
the performance of the proposed system.

Findings — The results indicate that the aforementioned relationship can be built in the form of
IF-THEN rules. An appropriate safety and health program can be developed and applied to all
workers, so that they can follow instructions to prevent cold induced injuries, and also improve
the productivity.

Social implications — Due to the increasing public consciousness of occupational safety and
health, it is important for the workers in cold storage facilities where the ambient temperature
is at/below 10°C. The proposed system can address the social problem and promote the
importance of occupational safety and health in the society.

Originality/value — This study contributes the knowledge management system for improving
the occupational safety and operational efficiency in the cold storage facilities.

Keywords Safety and health program, knowledge management system, knowledge discovery,
cold storage management

Introduction

Since consumers are quality-driven and health-conscious in the supply chain, especially for
food, chemicals and pharmaceutical products, there is a booming demand for cold chain
logistics. Compared with products in the generic supply chain, temperature sensitive and
perishable products (TSPPs) in a cold chain have certain characteristics, including short shelf
life, high perishability, long production throughput time, seasonality, and need for refrigeration
in transportation and storage (Aramyan at el., 2007). Particularly for the handling frozen
products, warehouses, called cold storage facilities, are specially designed to maintain the
product quality and the delivery trucks are also equipped with refrigerators. By using state-of-
the-art technologies, the product traceability in cold chain logistics is well-developed by the
controlling and monitoring of environmental conditions in transportation and storage (Kuo and
Chen, 2010; Lu at el., 2012). It is implied that the temperature and humidity in cold storage
environments are extraordinary low, even extreme, which may influence workers’ health and
safety without effective resource planning.

However, there is limited research on the occupational safety and health (OSH) aspects in cold
storage facilities. Since the extreme environmental conditions may affect the productivity and
increase the probability of getting cold induced injuries, controlling and monitoring the workers
is essential to improve the whole supply chain efficiency. When working at or below 10°C,
workers may feel uncomfortable or be prone to cold injuries (Makinen and Hassi, 2009). In
2009, two workers died in an American cold storage facility after completing maintenance
work (Gazaway, 2009). Due to the lack of appropriate safety and risk management, fifteen
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workers died and twenty-six workers were injured at a Shanghai cold storage facility due to
unexpected ammonia leakage (Laurence, 2013). In order to prevent such unfortunate accidents,
certain safety assessments and measurements should be adopted in cold storage environments.
The International Organization for Standardization (ISO) introduced a method of determination
and interpretation of cold stress, called 1SO11079 (Holmer, 2009). This standard provides
estimates of the maximum allowed working time and minimum recovery time when working
in a cold environment. In current practice, warehouse workers can follow the instructions from
ISO 11079, integrated with their experience and judgement, to develop occupational safety and
health routines. However, there are two challenges in regard to implementing the
comprehensive occupational safety and health program, as illustrated in Fig. 1. The first
challenge is that the workers’ personal physiques are not included in the ISO11079 estimates.
In other words, the existing 1SO11079 practice estimates may not fit workers with different
BMIs, ages and clothing insulation. However, the existing scheme does not support knowledge
discovery from personal physiques and operational efficiency which include both quantitative
and qualitative data. Thus, the feasibility and adaptability of current practice is insufficient for
most companies in protecting the workers in such labor-intensive operations. Secondly, there
is lack of the customized safety and health programs, associated with productivity, seriousness
of the safety and health status, and the 1ISO11079 estimates. Depending on the health status of
different workers, the safety and health programs/instructions should be amended in a
systematic way. Since data mining (DM) enables knowledge discovery in real-life situations,
correlations between various attributes, such as accident frequency rates and ages, can be
examined. DM can help the companies discover hidden knowledge that can be integrated into
the existing occupational safety and health practice. Therefore, there is a need to improve the
deployment of 1SO11079 and the establishment of corresponding action plans through DM
techniques. In this paper, a fuzzy-association-rule based knowledge management system is
proposed to discover the hidden knowledge in the warehousing operations by using the
techniques of fuzzy association rule mining (FARM). In addition, through the technique of
RES, a customized safety and health program can be formulated based on knowledge discovery.

This paper is organized as follows. Section 2 covers the past literature and research related to
cold storage facilities, occupational safety and health, and DM techniques. Section 3 presents
the design of the fuzzy-association-rule based knowledge management system (FARKMS).
Section 4 includes a case study to validate the proposed FARKMS. Section 5 discusses the
results and the effectiveness of FARKMS. Finally, conclusions are drawn in the Section 6.

Current Practice
Regarding Occupational Safety and Health:
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Fig 1. Existing problems in cold storage facilities
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Literature Review

Due to the increasingly stringent requirements and concerns on supply chain management, the
capacities of cold storage facilities are expected to increase to nearly 20 times of their current
capacity over the next decade (International Trade Administration, 2016). The development of
cold chain logistics in China is still in its infancy in aspects such as infrastructure, international
shipment, competence, tracking and tracing, and timeliness. To better manage cold chain
logistics, cold chain management (CCM) was created to improve the effectiveness and
efficiency in material, capital, and information flows (Bogataj et al., 2005). The monitoring of
environmental conditions, such as temperature and humidity, is important in order to maintain
the prescribed product quality before delivery to the end consumers. In other words, the
refrigerated transportation and storage are two important areas to prevent deterioration of the
product quality (James and James, 2010; Chen et al., 2015). Furthermore, any changes of the
microbiological, physiological, biochemical, and physical aspects for products can be reduced.
Typically, two refrigerating technologies, i.e. chilling (0-4°C) and freezing (-18°C), are applied
in the warehouses. For the typical manual warehouse, the workers are required to handle the
inventory in a cold workplace, including unloading, put-away process, picking, packing, and
loading. Therefore, occupational safety and health is one of the important measures in
maintaining efficiency in the warehousing and transportation operations.

Risk management and evaluation of occupational safety and health have always been an active
research area so as to prevent the workplace accidents. Occupational accidents/injuries can
damage the reputation of a company, decrease the productivity, and result in large losses (Sheu
et al., 2000). From the company’ perspective, cold induced accidents and injuries should be
eliminated as much as possible, in return for better productivity and efficiency. Reinhold and
Tint (2009) summarized three safety management processes: people identification, numerical
estimation of damage risk, and hazard identification and evaluation. Regarding the workplace
in cold chain logistics, the effects of cold exposure results in a decrease of thermal comfort,
performance, health, and leads to cold associated injuries (Mé&kinen and Hassi, 2009). In
addition, the extent of cold exposure is contributed by five dimensions: exposure, physical
activity, clothing, individual, and socioeconomic factors. To evaluate the cold hazards, 1SO
11079 provides a standardized evaluation method to estimate the maximum allowable working
time and the corresponding recovery time. The estimations are based on the required clothing
insulation (IREQ) and local cooling effects (Griefahn, 2000; Kipper et al., 2003). However,
the 1SO11079 estimates are merely indicators, which should be further integrated with
knowledge discovery techniques to establish the most suitable safety and health program.
Therefore, data mining (DM) techniques are applied to discover more information and the
hidden patterns in the operations.

In cold storage facilities, workers can provide information on the 1SO 11079 estimates and on
individual factors. In addition, their performance can be measured by the key performance
index (KPI) by defining useful evaluation criteria. In order to discover the hidden information
from the above parameters, fuzzy association rule mining (FARM) is applied in this study.
FARM refers to integrating the fuzzy set concepts and data mining to generate meaningful
fuzzy association rules (FARs) from quantitative data (Hong et al., 2003). By making use of
fuzzy linguistic terms in association rule mining, the parameters can be quantitative. FARM is
widely applied in generating the associations in the field of quality management (Lau et al.,
2009; Lee et al., 2014), warehouse operations (Ho et al., 2010), and health related decision
support (Delgado et al., 2001; Soni and Vyas, 2010).The fuzzy linguistic terms are
understandable for human beings such that useful knowledge can be discovered for real-life
applications. To establish the appropriate safety and health program, rule-based expert systems
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(RESs) were proposed to capture irreplaceable knowledge and expertise, and to develop
solutions automatically and systematically by using the core IF-THEN rules (Buchanan and
Shortliffe, 1984; Abraham, 2005). The components of RESs include IF-THEN rules, facts, and
an inference engine to control the rules and facts. It is a high applicable technique for solving
real-life problems based on the previous knowledge and experience. The applications of RES
are widely related to occupational safety risk analysis in construction sites (Azadeh et al., 2008;
Gdrcanli and Mingen, 2009), hazard and operability analysis (Venkatasubramanian, Zhao and
Viswanathan, 2000), and healthcare monitoring systems (Seto et al., 2012). In addition, RESs
are applicable for integration with other DM techniques to provide better decision support, such
as fuzzy association rule mining. However, the integration of FARM and RES in the field of
occupational safety and health is rare. This paper aims at filling this research gap in providing
appropriate occupational safety and health programs in cold storage facilities.

In summary, based on the above reviewed literature, the refrigeration in cold storage facilities
may cause harm to workers, especially in the manual facilities. The estimations from 1SO11079
are merely indicators of the maximum allowed working time and recovery time for workers.
To establish completed planning, FARM and RES are used to associate the ISO11079 estimates,
personal physique and KPI, and hence provide the best occupational safety and health program
for workers. With knowledge discovery in the warehousing operations, the developed program
can be customized and is suitable for workers to enhance their safety and health in cold storage
facilities.

Design of the Fuzzy-association-rule based Knowledge Management System

The system architecture of the proposed fuzzy-association-rule based knowledge management
system (FARKMS) is illustrated in Fig. 2. The proposed mining system is divided into three
modules, namely the database management module (DMM), the fuzzy association rule module
(FARMM), and the knowledge-based decision support module (KDSM).

Module 1 — Database Management Module (DMM)

The database management module is constructed in a cloud-based platform. It collects the
ISO11079 estimations, personal physiques, and KP1 measurements. Examples of the collected
data are listed in Table 1. Regarding database management, 1SO11079 estimations, partial
personal physiques and KPI measurements can be pre-defined in the database. However, the
information on heart beat rates, ambient temperature, and available clothing insulation is
collected by using automatic data capturing technologies, namely Bluetooth Low Energy (BLE)
integrated with the sensing techniques. In addition, the current occupational safety and health
programs are also stored in the database. The information is further used in FARMM and
KDSM.
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Fig 2. System architecture of FARKMS
Table 1 Data collection in FARKMS
Type of data Examples
1SO11079 estimations | Duration limited exposure, recovery time
Personal physiques BMI, ages, heart rates, ambient temperature
KPI Measurements Productivity, safety and health

Module 2 — Fuzzy Association Rule Mining Module (FARMM)

This module aims at developing the association between 1SO11079 estimations, personal
physiques, and KPI measurement in a form of the IF-THEN rule. By integrating the concepts
of fuzzy sets and the data mining technique, i.e. association rules, the FARMM is proposed to
generate the FARs from quantitative data. The workflow of FARMM is shown in Fig. 2,
starting from integrating the fuzzy characteristics to the quantitative data, until the generation
of FARs. In this algorithm, fuzzy membership functions, threshold support count and
confidence values are defined by domain experts in advance, and contribute to the mining
process. The process of the creation of fuzzy membership functions is through several
interviews, where the domain experts are required to define various fuzzy classes with their
specific range of values. The criteria of defining fuzzy membership functions are based on their
professional experience and the actual situations in the case company. Moreover, the threshold
support count and confidence values are used as the function for the stopping criteria in
generating fuzzy association rules. It can affect the reliability and accuracy of the generated
fuzzy association rules. In the beginning, for N historical data, where N is a natural number,
the quantitative parameters (Qn) are converted into fuzzy sets based on the defined membership
functions, represented as the summation of “occurrence (counts) divided by the fuzzy class”,
I.e. f1/Cy1 + f2/Cy +...+ fo/Cih. The support count values can be calculated by the summation of
each Cn of Qn. Since a parameter has specific support count value in the corresponding fuzzy
class, the maximum value is sorted out, and 1-itemset can be temporarily defined. Afterwards,
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if the maximum count value is smaller than the support count threshold, that particular
parameter is discarded from the 1-itemset. The algorithm continues to search the k-itemset,
where k > 2, based on the criteria of comparison between the minimum number of counts and
the maximum support count threshold. Repeatedly, the search process ends when one of the
higher level itemsets is null. Therefore, the possible fuzzy association rules can be generated
inaform of IF {X} THEN {Y}. To validate the possible fuzzy association rules, the confidence
value is calculated as the number of counts of Y divided by the number of counts of X. By
comparing with the predefined confidence threshold (1), possible FARs are discarded if the
calculated confidence values are smaller than the predefined threshold. The remaining FARs
are regarded as useful fuzzy association rules, and the recursive mining algorithm ends. The
generated FARs are stored in the knowledge base for further applications, where the conditions
of antecedents and consequences can be developed, with implications for the management, for
example, the “High” and “Low” accident frequency rates in the consequence part. Hence, the
antecedents have useful implications in formulating relevant programs and instructions in order
to control and monitor the accident frequency rates.

Module 3 — Knowledge-based Decision Support Module (KDSM)

By storing and applying useful FARs, this module aims at generating a customized
occupational safety and health program through the rule-based expert system (RES). KDSM
consists of two components, namely RES and occupational safety and health program. The
RES generally consists of four elements, namely gathering of knowledge bases and facts,
inference engine, explanation facilities, and user interface, as illustrated in Fig. 2. The
knowledge discovery from FARMM is directly linked to the knowledge base in RES. Thus,
the knowledge base stores the IF-THEN rules, represented as IF {antecedent}, and THEN
{consequent}. In addition, the rules are able to have multiple conditions, namely AND
(conjunction) and OR (disjunction). When the conditions of the rules are satisfied, the rules
will be executed in the RES. On the other hand, a set of facts is stored in another database,
which refers to actual cases and situations. It is used to match with the antecedent part in the
IF-THEN rules. Afterwards, the inference engine executes forward chaining reasoning, which
is a data-driven process, to achieve the desired goals. The predefined rules and coming facts
can be linked together to find the solutions to the current facts. The explanation facilities are
responsible for answering the users’ enquiries related to the specific generated solutions. The
expert system is capable to explain the reasoning and justify the solutions to the set of facts.
To interact between the systems and users, the user interface is a platform to collect information,
answer enquiries, and show the particular results to users. Therefore, the occupational safety
and health program can be customized according to the actual workers’ situations. The KPI
measurements are also associated in the programs for the use in decision support such that the
occupational safety and health program can be more comprehensive and suitable for real-life
situations.

Case Study

In this section, CCS Logistics Limited provided cold storage facilities for conducting a case
study. CCS is located in Hong Kong and provides services in cold chain logistics. The
FARKMS is applied to guarantee the occupational safety and health of the workers.

Company background

CCS Logistics Limited is a cold chain logistics service provider in Hong Kong that provides
sound logistics supports in handling food, pharmaceuticals, and other temperature-sensitive
products. The warehouse is 18-storey with a 28,000 metric tons capacity. It is divided into five
sections, namely the public bonded warehouse, freezer section, fine wine section, chiller
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section, and air-conditioned section. In other words, the temperatures of various storage
facilities have a large difference, ranging from -20 to 22°C. CCS provides five standard
logistics services, including handling incoming shipments, unloading, warehousing, order
sorting, repacking, and distribution. Regarding the inventory characteristics, the warehouse
facilities are capable of supporting the storage of fresh and frozen food, wine, cigarettes, and
other environmentally-sensitive products. In summary, CCS Logistics Limited provides a
professional logistics service in handling the inventory in the cold supply chain.

Existing problems in the company

In each floor of the cold storage facility, the assigned warehouse workers are responsible for
all warehousing operations, such as receiving, put-away, and sorting. Although the premises
have been under the monitoring of round-the-clock CCTV surveillance, it is insufficient to
provide real-time and appropriate support of occupational safety and health to the workers.
CCTV surveillance provides image capturing and video recording functions, but it lacks any
measuring of the workers’ health status. In addition, the workers adopt safety and health
measures by their own judgement and experience. Therefore, the safety and health measures
cannot be customized to the workers’ health situation. Secondly, the impact of working
performance in the cold storage facilities cannot be easily evaluated with respect to the cold
working environment, and affects the expected throughput rate and operational efficiency of
the cold storage facilities. To summarize, the company currently lacks the capability to provide
customized safety and health programs, and to estimate the impact of productivity of the
workers.

Implementation of FARKMS

The implementation of FARKMS is conducted through a pilot study in CCS Logistics Limited.
It is divided into three phases referred as the system architecture, i.e. DMM, FARMM, and
KDSM, to achieve the goal of establishing appropriate safety and health programs.

DMM is the first step to define data collection for the data mining process in FARMM and
KDSM. In the case scenario of CCS Logistics Limited, appropriate input and output parameters
are suggested in Table 2, which are related to the recommendations of 1SO 11079, personal
physiques, and KPI measurements. In total, there are eight parameters, namely duration limited
exposure, recovery time, average ambient temperature, body mass index, age, average heart
rate, average dock to stock cycle time, and number of accidents and injuries. The workers are
given the BLE hand-band integrated with the temperature and bio-signal sensors to collect the
ambient temperatures and heart rates. They are used to find the useful fuzzy association rules
in the FARMM. The input parameters are the antecedents of the IF part, whereas the output
parameters are consequential to the THEN part. In CCS Logistics Limited, there are total 36
warehouse workers performing cold storage operations on 18 different storeys. In order to
demonstrate the mechanism of FARMM effectively, six warehouse workers from floors one to
three are extracted with the values of defined parameters A to H, as shown in Table 3. They
are used as an example to demonstrate the mechanism of FARKMS. Before applying the
proposed system, data pre-processing is required for sensor data and 1ISO11079 estimation. The
removal of missing data and the filtering of out-of-expected-range values should be applied
when collecting sensor data due to the fluctuation of device connectivity and noise. In the
ISO11079 estimation, duration limited exposure and recovery time are generated by using the
standard 1SO11079 calculation which requires nine inputs, namely metabolic energy
production, rate of mechanical work, ambient air temperature, mean radiant temperature, air
permeability, walking speed, relative air velocity, relative humidity and available basic
clothing insulation. Some of them are collected through the sensing technologies and processed
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by removal and filtering criteria. Therefore, the quality of data in the proposed system can be
ensured and improved. Before generating useful FARs, the minimum support counts,
membership functions, and confidence thresholds have to be defined in advance, as shown in
Table 4. The confidence threshold (1) is assumed as 0.75 for rejecting insignificant FARs.

According to the predefined threshold values and membership functions, the first step is to
convert the quantitative values into a fuzzy set. For instance, the parameter Djim for staff ID 1
is 1.8 hours, which belongs to the fuzzy classes of “Average” and “Long”. The fuzzy set is
represented as (0.2/Djim.A + 0.8/Diim.L), as shown in Fig. 3. The conversion technique is
applied to all parameters for the six staff records, and the results are listed in Table 5. Secondly,
the number of occurrences (counts) of each fuzzy class of parameter is calculated and compared
with the support count threshold. For example, the number of counts of the fuzzy class
“Average” of parameter Djim is (0.2 + 0.4 + 0.9 + 0.8+ 0.8) = 3.1. After computing the number
of counts, the maximum number of counts of each parameter is selected. The counts of the
three fuzzy classes in parameter Diim, “Short”, “Average” and “Long”, are 0.2, 3.1, and, 2.7.
respectively. Therefore, the fuzzy class “Average” is sorted for representing the parameter Diim.
Similarly, the fuzzy classes “Average”, “Low”, “Overweight”, “Old”, “Normal”, “Relatively
Long”, and, “High” represent parameters Tr, TEMP, BMI, A, H, Tqc, and, N with maximum
number of counts of 4.5, 6, 3.3, 4.4, 3.5, 3.3, and 2 respectively. Compared with the minimum
support count threshold, the number of counts is removed if it is less than the predefined
threshold. Therefore, no parameters are removed from the 1-itemset.

Furthermore, the combinations of the 2-itemset are generated by using the 1-itemset. It is
required to calculate the minimum number of counts of each 2-itemsets. Compared with the
maximum value of two minimum support thresholds, the possible 2-itemsets are accepted if
the number of counts is larger than the new support threshold. For example, {Diim.A, Tr.A} for
staff ID 1, since the count values of A.Long and B.Low are 0.2 and 0.5 respectively, the count
of {Diim.A, Tr.A} in the first converted fuzzy set is 0.2. Repeating for the 2" to 6™ converted
fuzzy sets, the summation of the number of counts of {Diim.A, Tr.A}is (0.2 +0.4+0.75+0 +
0.8 +0.75) = 2.9. The new support count threshold is max(2.1, 2.6) = 2.6. The counts and new
threshold of the other 2-itemsets are calculated and shown in Table 6, and sixteen 2-itemsets
are generated. By repeating the above steps, the feasible i-itemsets with i > 3 can be investigated.
Table 6 also includes the 3 and 4" itemsets with their number of counts and corresponding
new support thresholds. Since only one 4-itemset is generated, i.e. {T+.A, TEMP.Low, A.O,
N.H}, no possible 5-itemsets are available in the mining process. The valid itemsets are
classified as the potential FARs. When collecting all potential FARs in the form of IF-THEN
rules, the reliability of FARs is calculated so that the count of the antecedent is divided by the
count of the consequent, called the confidence value. Therefore, by comparing the confidence
threshold (1) of 0.8, the generated FARs with their confidence values are listed in the Table 7.
Only the rules with the output parameters in the “THEN” part are used to compute the
confidence values, and extract the KDSM. Hence, based on five historical records, two
examples of useful fuzzy association rules are illustrated to support the functions in KDSM in
Table 8.

Table 2 Input and output parameters in FARKMS

Parameter Symbol
Duration limited exposure (hour) Diim
Recovery time (hour) T,

Input ISO 11079 estimation
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Average ambient temperature (°C) TEMP
. Body mass index (kg/m?) BMI
Personal physique Age (yean A
Average Heart rate (bpm) H
Average dock to stock cycle time (min) Tc
Output KPI Measurement No. of accidents and injuries (unit) N
Table 3 Example of staff records for implementing FARKMS
FARKMS Parameter
S D. | T, |TEMP | BMI | A | H | Ta | N
1 1/F 1.8 0.5 -17.5 20.5 25 58 36 1
2 1/F 1.6 0.6 -17.5 18.7 36 72 41 3
3 2/F 11 0.6 -16 27 47 84 57 7
4 2/F 3 0.6 -16 24.3 52 81 54 7
5 3/F 0.9 0.7 -18.5 23.3 60 76 62 9
6 3/F 1.2 0.8 -18.5 311 55 92 58 8
Table 4 Membership function and minimum support counts of parameters
Min.

Fuzzy Class (short

Parameter Support f Membership Function MF Type

orm)

Counts

Short (S) [0,0,0.5, 1] Trapezoid
Diim 2.1 Average (A) [0.5,1, 2] Triangle
Long (L) [1,2,3, 3] Trapezoid
Short (S) [0, 0, 0.3, 0.7] Trapezoid
Tr 2.6 Average (A) [0.3,0.7,1.1] Triangle
Long (L) [0.7,1.1,15, 1.5] Trapezoid
Low (Low) [-20, -20, -12, -6] Trapezoid
TEMP 3.0 Average (A) [-12, -6, -2, 4] Trapezoid
High (H) [2, 4,10, 10] Trapezoid
Underweight (UW) [14, 14, 18.5, 19.5] Trapezoid
BMI 3.1 Normal weight (NW) [18.5, 19.5, 23, 24] Trapezoid
Overweight (OW) [23, 24, 30, 30] Trapezoid
Young (Y) [18, 18, 25, 30] Trapezoid
A 2.8 Average (A) [25, 30, 45] Triangle
Old (O) [30, 45, 65, 65] Trapezoid
Slow (S) [40, 40, 50, 60] Trapezoid
H 34 Normal (N) [50, 60, 80, 90] Trapezoid
Fast (F) [80, 90, 120, 120] Trapezoid
Low (Low) [0, 0, 10, 30] Trapezoid
Ty 57 Average (A) [10, 30, 50] Triangle
¢ ' Relatively long (RL) [30, 50, 70] Triangle
Long (L) [50, 70, 100, 100] Trapezoid
Low (Low) [0,0,1,2] Trapezoid
Relative low (RLow) [1, 2, 4] Triangle
N 1.9 Average (A) [2, 4, 6] Triangle
Relative high (RH) [4,6,7] Triangle
High (H) [6, 7,10, 10] Trapezoid
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Fig 3. Fuzzy set example of parameter Diim for Staff ID 1

Table 5 Converted fuzzy sets in FARMM

Quantitative values of parameters using fuzzy sets
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In the KDSM, since the useful fuzzy association rules are stored in the knowledge base, they
can show the relationship between the input and output parameters. The extracted knowledge
from FARs can be found in order to amend the occupational safety and health program. In view
of the RES, the input parameters of FARKMS can be used to adjust the current safety and
health program. The past program provides only the standard operating procedures (SOPs) with
regard to the protective measurement in the cold storage facilities. The customized safety and
health program should consider the parameters of duration limited exposure, recovery time,
ambient temperature, BMI, age and average heart rate. When working in a low ambient
temperature environment, the company should provide more protective measures to workers
with high BMI and/or old age. Moreover, the duration limited exposure is a standardized
indicator to show the maximum allowed working time. It can indicate the remaining working
time in cold storage facilities to the workers. With the knowledge discovery in the above five
historical records, the useful FARs imply that long duration limited exposure may result in
relatively high in dock to stock cycle times, and low occurrence of cold accidents and injuries.

P. 10



Table 6 New support thresholds and fuzzy counts
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As shown in Table 8, the FAR of “IF {Tr.A} and {TEMP.Low} and {A.O} THEN {N.H}” is
that the high likelihood of accidents and injuries is constituted by three antecedents, namely (i)
recovery time is average, (ii) ambient temperature in working environment is low, and (iii) the
staff is old. On the other hand, the FAR of “IF {BMI.OW} and {A.O} THEN {N.H}” is that
the high likelihood of accidents and injuries is constituted the categories of overweight in BMI
and old age staff. It is implied that the normal estimation in recovery time is inadequate so that
the staff in the “Old” category may need more recovery time after working in a low temperature
environment. The “average” number of recovery time is insufficient for them. On the other
hand, the staff categorized as “Old” with “high” BMI also have a high probability of getting
accidents and injuries so that the management team may change the job specifications from
warehousing operations to paperwork, so as to prevent the serious accidents occurred in the
cold storage facilities.

Therefore, the design of the safety and health program can include the above hidden
information from FARs. To communicate the information to the workers, a user interface
prototype is developed to display the customized safety and health program by entering the
input parameters, as shown in Fig. 4. The outputs from FARKMS are verified by conducting a
comparison between the before and after implementation of the proposed system. During the
implementation period, another three separate cold storage rooms are also required to conduct
control experiments in order to investigate the actual changes from FARKMS. Hence, the
occupational safety and health can be guaranteed and improved.

Table 7 Generated fuzzy association rules with confidence values

Potential FAR Confidence value >\7?
IF {Diim.A} THEN {N.H} 3.1/4=0.775 No
IF {T:.A} THEN {Tq.RL} 4.5/3.3=1.364 Yes
IF {T:.A} THEN {N.H} 4.5/4=1.125 Yes
IF {TEMP.Low} THEN {Tqc.RL} 6/3.3 =1.818 Yes
IF {TEMP.Low} THEN {N.H} 6/4=15 Yes
IF {BMI.OW} THEN {N.H} 3.3/4 =0.825 Yes
IF {A.O} THEN {N.H} 44/4=1.1 Yes
IF {T:.A} and {TEMP.Low} THEN {Tq.RL} 4.5/3.3=1.364 Yes
IF {T:.A} and {TEMP.Low} THEN {N.H} 45/4=1.125 Yes
IF {T:.A} and {A.O} THEN {Tq4.RL} 3.65/3.3=1.106 Yes
IF {T+.A} and {A.O} THEN {N.H} 3.65/4 = 0.913 Yes
IF {Tr.A} THEN { Ta..RL } and {N.H} 4.5/2.45 = 1.837 Yes
IF {TEMP.Low} and {A.O} THEN {N.H} 44/4=1.1 Yes
IF {BMI.OW} and {A.O} THEN {N.H} 3.3/4 =0.825 Yes
IF {T:.A} and {TEMP.Low} and {A.O} THEN {N.H} | 3.65/4=0.913 Yes
Table 8 Example of useful fuzzy association rules
IF {T.A} and {TEMP.Low} and | IF {BMI.OW} and {A.O} THEN
{A.O} THEN {N.H} {N.H}
IF recovery time is average and | IF body mass index is overweight
average ambient temperature is low | and age of the staff is old, THEN
SIEWEM and age of the staff is old, THEN | number of accidents and injuries is
number of accidents and injuries is | high.
high.
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Fuzzy-association-rule based Knowledge Management System (FARKMS)
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Fig 4. User interface prototype of FARKMS

Results and Discussion

In order to guarantee and improve the occupational safety and health in cold storage facilities,
this paper presents the FARKMS approach to extract useful information from FARM to support
the mechanism of RES for establishing customized and appropriate safety and health programs.
The historical records of workers’ performance are important in generating the FARs, which
are then stored in the knowledge base for further decision support. The customized safety and
health program can be established according to the criteria of the workers. The workers can
follow the instructions in the user interface generated by FARKMS to support their daily
operations. The customized programs create a safe and healthy working atmosphere such that
it is more systematic and efficient in guaranteeing their safety and health. In addition, this
cloud-based application is user-friendly with good Wi-Fi coverage in the cold storage. They
can conveniently check the instructions and guidelines on their own smart devices. The case
study in CCS Logistics Limited provides a real case validation for the proposed system. In its
cold storage facility, 3 storeys followed the existing OSH policy unchanged, and another 3
storeys used the new FARKMS approach to update the OSH instructions/programs. This
implementation of FARKMS lasted for a month and the FARKMS was activated in every
working day, and the accident frequency rates were recorded for validating the effectiveness
of the proposed system. By the use of FARKMS, the case company have recorded an
improvement in reduction of injuries and accidents from 12 times/week to 5 times/week, which
is equal to 58.3% accident reduction. The relevant workers feel more secure and comfortable
when working in the cold storage facilities. Through the use of the proposed mining system,
two significant advantages are achieved as summarized below.

(i) Improving the operational efficiency

Since the productivity measurement can be linked with the proposed mining system, the effect
of the input parameters on operational efficiency can be defined systematically. With inputting
a sufficiently large historical record to FARMM, more useful and precise FARs can be
generated to define the relationship between the operational efficiency and other parameters.
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This allows the company to adjust the workforce or working patterns to achieve the optimal
operational efficiency.

(i1) Providing good practice of occupational safety and health

The core concept of the proposed mining system is to provide comprehensive occupational
safety and health programs to the workers. The traditional SOPs and manual judgement are
insufficient to guarantee the safety and health for every worker. Hence, five input parameters
are used to amend the program, and integrate with the FARs in order to link the 1SO11079
estimations and personal physiques to the safety and health measurement. Knowledge
discovery can support the establishment of the complete program to improve and ensure
occupational safety and health.

Conclusions

Due to the increasing demand for cold chain logistics to handle environmental-sensitive
products, workers handle more products in the cold storage facilities. In order to maintain high
operational efficiency, occupational safety and health is an important measure. This paper
presents a fuzzy-association rule based knowledge management system with a focus on
occupational safety and health in cold storage facilities. Traditionally, occupational safety and
health are guaranteed by SOPs and personal experience. The safety and health programs are
difficult to fit all workers’ needs and requirements, and, in addition, there are no insights related
to the operational efficiency. Through implementing FARKMS, the recursive mining process
algorithm generates useful FARs to enhance the intelligence of the RES. RES can suggest
various occupational safety and health programs based on the input criteria. In addition, it can
be linked to the operational efficiency such that the workers/managers can further understand
productivity in the cold storage facilities. This is a significant contribution to knowledge
discovery by a fuzzy-association rule based expert system in providing appropriate and
customized safety and health programs. In conclusion, the proposed mining system not only
satisfies the needs of occupational safety and health, but also extracts the hidden information
from the historical data to support decision making. This paper significantly contributes to the
research field of knowledge acquisition and management in cold storage facilities. It helps in
developing complete occupational safety and health programs for working inside cold storage
facilities. It is recommended to collect more historical records so as to generate more accurate
FARs to enhance the knowledge base. Therefore, the design of the program, and the safety and
health of workers can be further improved and guaranteed. In future, researchers can utilize the
methodology to protect the human beings in other extreme working environments.
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