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Abstract: Understanding occupational incidents is one of the
important measures in workplace safety strategy. Analyzing the
trends of the occupational incident data helps to identify the
potential pain points and helps to reduce the loss. Optimizing the
Machine Learning algorithms is a relatively new trend to fit the
prediction model and algorithms in the right place to support
human beneficial factors. The aim of this research is to build a
prediction model to identify the occupational incidents in
chemical and gasindustries. This paper describesthe architecture
and approach of building and implementing the prediction model
to predict the cause of the incident which can be used as a key
index for achieving industrial safety in specific to chemical and
gas industries. The implementation of the scoring algorithm
coupled with prediction model should bring unbiased data to
obtain logical conclusion. The prediction model has been trained
against FACTS (Failure and Accidents Technical information
system) is an incidents database which have 25,700 chemical
industrial incidents with accident descriptions for the years span
from 2004 to 2014. I nspection data and sensor logs should be fed
on top of the trained dataset to verify and validate the
implementation. The outcome of the implementation provides
insight towards the understanding of the patterns, classifications,
and also contributesto an enhanced understanding of quantitative
and qualitative analytics. Cutting edge cloud-based technology
opens up the gate to process the continuous in-streaming data,
process it and output the desired result in real-time. The primary
technology stack used in this architecture is Apache Kafka,
Apache Spark Streaming, KSQL, Data frames, and AWS Lambda
functions. Lambda functions are used to implement the scoring
algorithm and prediction algorithm to write out the results back to
AWS S3 buckets. Proof of concept implementation of the
prediction model helps the industries to see through the incidents
and will layout the base platform for the various safety-related
implementations which always benefits the workplace's
reputation, growth, and have less attrition in human resources.

Keywords: Occupational incidents, Prediction Model, Machine
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I. INTRODUCTION

R esearch and Development department of organizations

1 SVM Modé isbeing developed as a part of Research & Development
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and industries might have challenges when they try to
implement a solution. There might be a lot of unknowns
when providing the input to relate to the concept along with
computational  constraints.  Implementation of new
algorithms and new models have a similar step-up process to
verify and validate the real-time scenarios. The Scoring
algorithm [15] and SafeOne; Prediction Model for Support
Vector Machines (SVM) that is developed for prediction of
occupational incidents, definitely need an architecture to get
through the acceptable implementation. In-flow data should
constantly monitor to compute the exact score and provide
the expected output. Developing the proof of concept (POC)
will help the organization to see-through the potentia
outcome of the solution and also helpsto identify the gapsin
it [23]. It will also provide the stakeholders to internally
evaluate the promising solution which helps to reduce the
unnecessary risk. Design expectations and potential timeline
can also be determined before the full-scale implementation.
Applying a defined agorithm is not an easy task. The
workflow should be determined and a state of maintenance
should be established. As a part of POC, it is necessary to
build an interface to visualize the best possible results

[71[12].

II. PROCESSMODEL

An evolutionary prototyping process model, as shown in
Fig. 1, is being used to build this proof of concept (POC)
which constantly helps to refine the solution [10]. Since the
implementation of the Scoring model and SafeOne prediction
model is complex and preliminary outcome is unclear and
sporadic. The prototyping model helps to evauate the
accuracy of the results, factors to be modified, missing
factors and remove the outliers. This helps to improve the
overall solution while they are being built. Algorithms are
never done, but it always maturing as the application of the
factors and in-flow data changes[2][12].

Analyze and Design——+ Regression ——— Field Trial

Fig. 1. Evolutionary prototyping process model (Spiral
model)
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A. Inception

Requirements and Use cases have been well defined to
achieve the outcome of the algorithms. The primary goal isto
predict the particular zone where it may have the potential to
expose to the occupational incident by classifying the zone
between Danger, Caution and Good. Continuous streaming
of inspection data and sensor data flows through the pipeline.

In this case, producer and consumer part of the programs
uses the JSON format to send the data into the workflow.
Algorithms are defined through Spark library which can
evaluate the data in the system. The output should be in the
form of graphical representation.

B. Elaboration

Overadl anaysis and design, detailed iteration plan,
technical  specification, and functional specification
documents are the key deliverablesin this phase. Work items
to format the input inspection data and sensor data, parsing
the data into the structured model to store it in the database,
retrieval methodology from the database to process the score
and graphical structure and model are defined as a granular
tasks where it can be independently developed, validated and
deployed as a complete component.

C. Construction

Development activities to put the design ideas of pipeline
processing, evaluating the data from the pipeline, calculating
the score using the Scoring algorithm and final computation
to predict the zone and plot the graph as a complete visual
workable solution have been done in the phase.

D. Validation

Verification and validation of the score and the zone and
type of the occupationa incident prediction have been
continuously monitored for the varying outcome. Validation
makes the defect-free evaluation to present the clear output
value to proceed for the next step of operations. Continuous
testing and Continuous deployment have been configured
using Selenium and Jenkins respectively.

I11. ARCHITECTURE

The architecture of the POC, as shown in Fig 2., detailed
out the components involved for the better outcome. The
integration between these components is aligned in such a
way to establish a scalable solution for the future data load.
Starting from data stream through getting the outcome of the
prediction model, cloud infrastructure helps to deliver a
reliable solution.
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Fig 2. High-level architecture diagram

Data Streaming is a method of posting a continuous stream
of datathat can be processed through the algorithms to obtain
structural data. Multiple sources can send the data
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simultaneously to meet the requirements of rea-time data
analytics. Inspection data, sensor data from the gas detection
instrument and historical incidents should be streamed
through Kafka. The continuous stream of data is put in a
bucket called topic. Topicsin Kafka can be subscribed by the
consumer program to stream for processing [11]. These
topics are partitioned based on the size and volume of speed
and scalability.Data are sent by various data sources to topics
and subscribed consumer application takes care of relaying it.
Each partition is assigned to a Kafka Broker for parallel
processing [16]. Messages are typically key-value pairs so as
to construct the structural data.

The stream is divided into RDDs (Resilient Distributed
Datasets) which is a fundamental data structure of Spark.
RDDs are divided into partitions which consist of tuples. The
worker node takes care of processing the data in the Spark.
Kafka-Spark connector allows mapping partitions between
RDD and Kafkatopic [17].

Processing of the data takes place through Spark Jobs.
Spark Jobs is the small set of programs that cleans up,
manipulates and applies the specific agorithm to the data
streamed and stored into the datalake. Datalake isa collection
of data frames stored in the storage bucket [16]. Spark Jobs
written using Scala language in Notebook executes the
Scoring algorithm to refine and restructure the data which
should be used as an input for the SafeOne prediction model.
Lambda functions serve the purpose of executing the logic
using the structured data to provide the expected outcome.
The approach of incremental algorithms can be used to
manipulate the history data and real-time data. Heatmap
representation of the data can be generated from algorithm to
visualize the results. The data dashboard displays the
required heatmap and also keeps the data live through the
push notifications.

IV. IMPLEMENTATION

Each participating industry pushes the inspection data in
the tail of a central messaging queue to be processed. Such a
data processing queue alows to decouple the emitting
applications from the receiving ones, but also to take over the
peaks of inspection data by smoothing theload for processing
applications. Then, the data is stored in an immutable
database. Each input such as an inspection data is composed
of meta-information such as the inspection type, description,
completed on date, inspection status, case humber, etc., The
sample data below illustrates an inspection data in JSON
(JavaScript Object Notation):

C
{
"the_geom”: "@101000020E616888017E
"lng": -75.1184787105898,
"objectid”: 34,
"addresskey™: 143@,
"opa_account_num”:
8 "the_geom_webmercator”:
9 "aptype": "CD ENFORCE",
1e "apdesc”: "CODE EN:CRCE‘WE‘JT
11 "apinspkey": 1492636,
iontype”: "HCEU INSP",
iondescription™: "CE-HOUSING CODE ENFORCE INSP",
"2011-07-88 17:03:08",

1200695C752CBECESAFS21C054448",

L N

51219-56-3@
81818608201 18F@08BD3AF277A29EB5FC17O8F1489868955241

UNITS",

15 "inspectionstatus™:
16 "geocode_x": 27@5
17 "geocode_y": 268379.56
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Data is directly processed by a calculation engine for the
appropriate datato be extracted from the Scoring algorithm to
clean up and fill in the data with the cause of the incident for
the unknown ones. The result of this algorithm along the way
updates the view, offering a real-time prediction of the actual
outcome occupational incident.

Onaperiodic basis, abatch will berun to calibrate the data
to correct the deviations. Excerpt of the code to read the
Kafka stream and creating the direct stream of Spark is
shown below:

1 // The stream is splitted into RDDs, each part representing a 2 seconds interval
2 val streamContext = new StreamingContext(sparkConf, Seconds(2))
3 /[ We subscribe to the “receipts” topic
4 val topicsSet = Set("inspectionData™)
// Kafka brokers list
val kafkaParams = Map(“"metadata.broker.list”
// spark stream from Kafka stream
val lines = KafkaUtils.createDirectStream[String, String,

Ftringﬂsccder, StringDecoder](ssc, kafkaParams, topicsSet)
// We are now able to deploy the scoring algorithm

-» "kafkal:2092,kafka2:9092")

.
® W m N oo

SafeOne prediction model is being continuoudy trained
using data streams through Spark is shown as an output of
this proof of concept. Datais usually an hourly snapshot from
the FACTS database and from the industrial inspection data
feed. For each hour, the factors considered for the
classifications and models are given for the manipulation of
data. Based on the data, SafeOne prediction model has been
trained to predict the potential value of the occupational
incidents in the industry. Once model is trained, test set of
data has been applied for verification and validation of the
model to write the prediction value. This POC stores the
trained data into S3 bucket. Model creation and prediction
results are stored into PostgreSQL database in a batch mode.

AWS Lambda serves as a good candidate to relay the
results of the prediction model from the database without any
hindrances around scalability, portability, and security. As
the same, Lambda functions provide the prediction results to
other appropriate data storage systems for further
proceedings [17]. This approach helps not only to regression
models but also used to build an analytical or aclassification
system. However, it should be noted that there should be
some latency between the rea-time model update and
visualization of the prediction results from the database.

V. RESULT AND DISCUSSION

The calculated data should be visuadized in order to
understand the results of prediction. Dashboard Ul page
created using HTML and JS (JavaScript) libraries helps to
showcase the data as a visual element. JS code receives the
data through APl Gateway and parses the response data in
JSON format. ChartJS renders the graph in real-time when
the processed data appears in the cloud database. SafeOne
model predicts the "Unsafe" percentage with reference to all
the factors considered during the machine learning process.
The radar style graph is used to plot the score of each
inspection type. Vaue 0 being the most unsafe zone and
value 100 being the safest zone on the radar.

The sample structure of the processed inspection data with
its score vaue obtained from one of the organizations is
shown below for the reference. Though the inspection data
are collected on the daily or frequent shift basis, bi-weekly
sample data is shown here for better representation.
Inspection types and timelines are given as the row and
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column headings respectively.

1/6/2010 1/20/2010 2/3/2010 2/17/2010
Employee Observation / PPE 82.1 83.1 85.1 77.9
Housing Keeping 31.9 17.2 75.3 30.5
Railings / Covers / Cables 75.0 29.0 31.3 20.3

82.8 88.3 78.5 89.0

First aid / Sanitation 28.2 77.7 66.0 53.7
Tools 32.3 13.3 32.1 315
Scaffoldings 26.3 75.0 30.5 28.4
Ladders and Stairs 33.5 26.3 29.7 72.7
Electrical 74.0 34.8 80.8 73.5

Lifts 30.0 16.0 28.2 14.7

Programs / inf ation 34.5 71.8 77.5 33.9

Site / Public & Environmental protection 35.0 67.8 69.5 68.8

Fig 3. Sample processed inspection data with its score

The outcome of the Prediction model should be validated
against the known results to verify against the obtained result
in the past. The machine learning model has been trained in
such away to produce the result from the learning so far. The
dashboard has been set up to refresh by itself for every five
seconds. Following dashboard displays the radar graph along
with Unsafe percentage:

Employee Observation /
PPE
Site /Pabiiwgy | 1068

Enviy men(al’ 200" 4

Programs / informati

ousmg Keepmg

|I|ngs/ Covers / Cables

Llfts

Fire protection
"
,)4‘
3
d

Q Firstaid / Sanitation

Unsafe Percentage 74.9 %
Fig 4. Sample dashboard with higher Unsafe percentage

Another example prediction which shows lower Unsafe
percentage is shown below:

Employee Observation /
PPE
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S“e/ Ub.&l """""" "- e ousﬁgkeeping
80.0
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o
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] .
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S
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0.0 Fire protection

)
o\
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-
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A 9 'y First aid / Sanitation
3
..... A
Ladders ‘5—4
—
Scaffoldings

Unsafe Percentage 1.8 %

Fig 5. Sample dashboard with lower Unsafe per centage

By having regular health checks of the model and the
continuous performance monitoring improves the quality of
the result. Having the resulting dashboard to be responsive, it
can be viewed on different devices and resolutions. Training
data was split into 70% which is 754,660 rows of training set
data and 229,000 rows for the test set.
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An overal error has also been calculated from the results
as a part of the prediction model calculation. Though the
overall prediction did not show the best performance in
predicting occupational incidents outcome, the model has a
considerable accuracy which can definitely be enhanced in
the near future. These results are significant and provide a
positive look forward solutions to practice safety in the
organizations to prevent potential incidents. This proof of
concept provides the basic idea of visualizing the results in
real-time by setting the base platform to smoothly walk
through the workflow from raw data to prediction results.

VI. CONCLUSION

Prototyping the prediction model in real-time technology
serves the clarity of the requirements and improves the
insight by resulting in better implementation. The presence of
the proof of concept prevents many miscalculations and
deviations in the training data. The spira process model
structures the roadmap of the implementation by defining the
tasks in Inception, Elaboration, Construction and Validation
phases. Architecture has been defined in such way to proceed
with the seamless workflow from the input stream to
execution of the prediction model to obtain the final result.
Implementing the real-time data streams through Kafka and
Spark helpsto evaluate the performance of the incoming data
and improvises the process flow in prediction model for
continuous validation. A score set of the inspection data has
been obtained through the Scoring a gorithm which serves as
an input for the prediction model. Result visualization has
been depicted using the Radar graph along with the unsafe
percentage. The overall design of this proof of concept
provides the fully functional working model of the proposed
architecture in place which alows scaling the solution in
real-time for the bigger cause.

Once the model starts working with the data to produce a
considerable result, factors and parameters can be improvised
inthe model to try out the better classification and prediction.
Prototyping of prediction model helps for better decision
making on visuadization, detailed reports, in turn, helps
business improves their decisions on the implementation.
This really helps to evaluate the accuracy of the model and
predicting strategies.
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