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ABSTRACT

Ensuring stringent temperature control parameters and efficient cooling mechanisms are
maintained at a dairy plant are critical to downstream processing capabilities and product
quality. This study examined the temperature of incoming raw milk across three
production months (June, July, August 2018), to capture peak season processing at one
dairy manufacturing plant. A total of n=4,236 data points across three milk intake bays
were analysed. Across the study area, the average temperature of incoming milk was
6.18°C (1.54 Standard Deviation (SD)). After the initial cooling step in the dairy facility,
the average temperature of stored raw milk was 4.74°C (0.77 SD), with an average
cooling performance of -1.44°C (SD 1.34). This research highlights for the first time, the
analysis of a narrow but important quality step in a milk processing plant, namely the
critical criteria of temperature monitoring and flow rate management at a dairy processing

facility.

Keywords: Cold-chain; Dairy; Quality; Processing; Temperature
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CHAPTER -1

INTRODUCTION

Temperature management of the raw milk supply chain is a key performance
indicator at dairy processing plants. European Union legislation [1], allows a milk
processing plant to collect milk on farm up to 10°C and it requires milk to be cooled and
stored to a temperature of no more than 6°C until further processing. Milk is virtually sterile
once synthesised in the mammary gland of a healthy cow and sterility is diminished once
the animal has been milked. Daily milk collection is not sustainable for large dairy plants
and as the temperature of milk leaving the udder at 35°C is highly favourable for bacterial
growth [2], cooling and maintaining the temperature of raw milk thereafter is essential in

avoiding an increase in microbial load.

After raw bulk milk arrives at a manufacturing plant it must undergo a suite of
legislative and quality tests [3] before it is pumped through Plate Heat Exchange (PHE)
units and stored in silos until further processing. A composite sample from each lorry
compartment is tested for Somatic Cell Counts (SCC), Total Bacterial Counts (TBC),
acidity and antibiotics [4]. SCC levels in milk are correlated with herd health and can rise
with temperature increases. Uncontrolled SCC levels in milk can considerably reduce
protein and fat recovery and ultimately reduce yields, particularly in cheese production
[5]. It is estimated that Gram-negative microflora accounts for more than 90% of the total
psychrotrophic raw milk microflora [6]. Thermophylic bacteria can also be detrimental to
the production of dairy products [7,8] claimed temperature plays an important role in the

formation of biofilm, a microbial population that adheres to a solid surface.



CHAPTER -2
AIM AND SCOPE

2.1 AIM

Milk protein content is an important component of milk, especially from a nutritional
point of view and also for payment purposes. The aim of work was to draw up an overview
on reference and routine methods for protein determination. Reference methods perform
accurate analyses comply according to the International Standard ISO whereas routine
methods perform analyses using routine instrumental techniques for faster and cheaper
results with acceptable accuracy and a large number of processed samples. In most of
cases, using of routine indirect methods for milk protein analysis requires their specific
calibrations according to biological kind of measured milk (cow’s, goat’s or sheep’s milk)
or specific conditions of milk technology treatment. Also, the quality control measures

have a significant role for result determination reliability.

Physical properties are measures of the bulk behavior of milk and of how milk
interacts with energy, while physico-chemical properties are measures of how the bulk
behavior and energy interactions depend on milk's constituent colloidal particles,
molecules, atoms, and ions. In this article the more important physical and physico-
chemical properties are quantitatively defined, and their significance with respect to milk
analysis, and to the design and control of milk processes, is described. Recognizably
physical properties — rheological properties, density, and thermal properties — are
discussed first. Then, properties that fall within the realms of both physics and physical
chemistry are discussed: surface tension, acoustic properties, electrical and dielectric

properties.
2.2 SCOPE

They aim to ensure that the safety and quality of their raw milk will satisfy the
highest expectations of the food industry and consumers. On-farm practices should also
ensure that milk is produced by healthy animals under acceptable conditions for the
animals and in balance with the local environment. The overarching principles applying
to the production, processing and handling of all milk and milk products are From raw

material production to the point of consumption, all dairy products should be subject to a

2
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combination of control measures. Together, these measures (good agricultural practice -
GAP and good manufacturing practice - GMP) should meet the appropriate level of public

health protection.

Good hygienic practices should be applied throughout the production and
processing chain so that milk and milk products are safe and suitable for their intended
use. Wherever appropriate, hygienic practices for milk and milk products should be
implemented following the Annex to the Codex Recommended International Code of

Practice - General Principles of Food Hygiene, GAP/GMP together should be effective.

All dairy farmers, suppliers to dairy farmers, milk carriers and hauliers, dairy
product and food manufacturers, distributors and retailers should be part of an integrated
food safety and quality assurance management system. Good farming practices underpin

the marketing of safe, quality-assured milk-based products.



CHAPTER -3
SYSTEM REQUIREMENTS
3.1 Windows
Microsoft® Windows® 7/8/10 64-bit
* 4 GB RAM minimum, 8 GB RAM recommended
2 GB of available disk space minimum,

» 4 GB Recommended 500 MB for IDE + 1.5 GB for Android SDK and emulator system

image
3.2 Mac
* Mac® OS X® 10.10 Yosemite or higher, up to 10.14 macOS Mojave
* 4 GB RAM minimum, 8 GB RAM recommended
2 GB of available disk space minimum,

* 4 GB Recommended 500 MB for IDE + 1.5 GB for Android SDK and emulator system
image

3.3 Linux

* GNOME or KDE desktop - Tested on Linux based on Debian.
* 64-Dbit distribution capable of running 32-bit applications

* GNU C Library glib 2.19 or later 17

* 4 GB RAM minimum, 8 GB RAM recommended

2 GB of available disk space minimum



CHAPTER -4
METHODOLOGY
4.1 SITE STUDY DESCRIPTION

The temperatures of incoming raw bulk milk were analysed across a three months
period (June, July, August 2018) at a large dairy manufacturing plant. The milk reception
area consists of three reception bays where 39 milk lorries pump milk to one of two raw
milk storage silos. Milk is cooled via Plate Heat Exchangers (PHE) as it is pumped from
a lorry to a raw milk-holding silo. Every minute, as pumping takes place, a manufacturing
execution system (MES) automatically records the temperature of milk flow with inline
sensors located before and after the PHE. The company processes over 300million litres
of milk annually in accordance with EU legislation [1] protocols and manufactures a range
of food ingredients including fats and powders. Company identifiable information was

removed to preserve confidentiality.

To uphold product quality and optimise processing capabilities, it is imperative that
best practice guidelines for temperature management of raw milk at dairy manufacturing
plants are followed. To our knowledge, there is minimal research focusing on the
management of raw milk at dairy plants. The approach of this study was to evaluate
incoming raw milk temperatures and logistical functions at one dairy manufacturing plant

across three production months during high season processing times.
4.2 PARETO ANALYSIS

The data are presented in Pareto charts, which are widely used in quality control

settings to identify critical factors leading to failure or defects in a process [16].

Data were scored in a standard scale and arranged in descending order. The
percentage of each item in relationship to the total measurement of all items was
calculated. Once it is assured that the combined percentages equal 100%, a bar graph
with elements for each individual item was created. Superimposed on this bar graph is a
line graph that represents the cumulative percentage. Noting the highest score and
working through the items to the 20 per cent point in the line graph, the changes

represented in this area of the graph will have the biggest benefit. Conversely, the items



with the lowest scores (as we get closer to 100% in the line graph) will have the least

amount of benefit [17].
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CHAPTER =5
DATA COLLECTION AND ANALYSIS
5.1 DATA COLLECTION

Once the project undertaking is completely comprehended, our subsequent stage
is to gather the information that is required for future model building. The information
accumulation was an issue as data was not situated at a single source. The data was
kept in unique information design. To achieve the end goal, it requires a clear
understanding of the correct location of the data. As we can see the Currency Exchange
Bureau statistics gives detailed information on every single currency exchange rate,
which incorporates their current high, current low, current price, current exchange rates
at the time interval usually months. We consolidated a portion of the information

properties with currency exchange bureaus to shape a join data set.

Since the datasets for every year are very massive, we decrease our concentration
to one-year, i.e., 2018, which as of now contains 365 days records for the most significant
currencies in the world. In this venture, we have taken 2022 as our preparation set and
2023 as our test set. There are also various factors affecting the exchange rates of the
currencies such as inflation, interest rates, government debt/public, potential stability,
economic recession, terms of trade, current account deficit, confidence and speculation,
government intervention, the stock markets and etc., the datasets are taken based on the

above factors that affect the exchange rates.

Regardless of the field of study or preference for defining data (quantitative,
qualitative), accurate data collection is essential to maintaining the integrity of research.
Both the selection of appropriate data collection instruments (existing, modified, or newly
developed) and clearly delineated instructions for their correct use reduce the likelihood
of errors occurring. inability to answer research questions accurately, inability to repeat
and validate the study, distorted findings resulting in wasted resources, misleading other
researchers to pursue fruitless avenues of investigation, compromising decisions for

public policy causing harm to human participants and animal subjects.



5.2 DATA ANALYSIS

The process of data analysis, or alternately, data analysis steps, involves gathering
all the information, processing it, exploring the data, and using it to find patterns and other
insights. The process of data analysis consists of: Data Requirement Gathering: Ask
yourself why you're doing this analysis, what type of data you want to use, and what data

you plan to analyze.

Data Collection: Guided by your identified requirements, it’s time to collect the data
from your sources. Sources include case studies, surveys, interviews, questionnaires,
direct observation, and focus groups. Make sure to organize the collected data for

analysis.

Data Cleaning: Not all the data you collect will be useful, so it’s time to clean it up.
This process is where you remove white spaces, duplicate records, and basic errors. Data

cleaning is mandatory before sending the information on for analysis.

Data Analysis: Here is where you use data analysis software and other tools to
help you interpret and understand the data and arrive at conclusions. Data analysis tools
include Excel, Python, R, Looker, Rapid Miner, Charito, Meta base, Rehash, and
Microsoft Power BIl. Data Interpretation: Now that you have your results, you need to
interpret them and come up with the best courses of action based on your findings.

Data Visualization: Data visualization is a fancy way of saying, “graphically show
your information in a way that people can read and understand it.” You can use charts,
graphs, maps, bullet points, or a host of other methods. Visualization helps you derive
valuable insights by helping you compare datasets and observe relationships.

If you want to make informed decisions, you need data, but there’s more to it. The
data in question must be accurate. Data analysis helps businesses acquire relevant,
accurate information, suitable for developing future marketing strategies, business plans,
and realigning the company’s vision or mission. A simple example of data analysis can

be seen whenever we make a decision in our daily lives by evaluating what has happened.


https://www.simplilearn.com/what-is-data-collection-article
https://www.simplilearn.com/data-cleaning-why-and-how-to-get-started-article
https://www.simplilearn.com/top-data-analysis-tools-article
https://www.simplilearn.com/top-data-analysis-tools-article
https://www.simplilearn.com/top-data-analysis-tools-article
https://www.simplilearn.com/top-data-analysis-tools-article
https://www.simplilearn.com/top-data-analysis-tools-article
https://www.simplilearn.com/tutorials/excel-tutorial/excel-basics
https://www.simplilearn.com/tutorials/excel-tutorial/excel-basics
https://www.simplilearn.com/learn-the-basics-of-python-article
https://www.simplilearn.com/learn-the-basics-of-python-article
https://www.simplilearn.com/learn-power-bi-article
https://www.simplilearn.com/learn-power-bi-article
https://www.simplilearn.com/learn-power-bi-article
https://www.simplilearn.com/learn-power-bi-article
https://www.simplilearn.com/data-visualization-article
https://www.simplilearn.com/data-visualization-article
https://www.simplilearn.com/data-visualization-article

5.3 TYPES OF DATA ANALYSIS
The four types of data analysis are:
- Descriptive Analysis
- Diagnostic Analysis
« Predictive Analysis
« Prescriptive Analysis
5.3.1 DESCRIPTIVE ANALYSIS

Descriptive analytics answer the question, “What happened?”. This type of analytics
is by far the most commonly used by customers, providing reporting and analysis

centered on past events. It helps companies understand things such as:
- How much did we sell as a company?
- What was our overall productivity?
- How many customers churned in the last quarter?

Descriptive analytics is used to understand the overall performance at an aggregate
level and is by far the easiest place for a company to start as data tends to be readily
available to build reports and applications. It's extremely important to build core
competencies first in descriptive analytics before attempting to advance upward in the
data analytics maturity model. Core competencies include things such as data modelling

fundamentals, communicating data with right visualization and basic dashboard skills.

It's likely you've adopted some form of descriptive analytics internally, whether that
be static P&L statements, PDF reports, or reporting within an analytics tool. For a true
descriptive analytics program to be implemented, the concepts of repeatability and
automation of tasks must be top of mind. Repeatability in that a data process is
standardized and can be regularly applied with minimal effort (think a weekly sales report),
and automation in those complex tasks (VLOOKUPS, merging of excel spreadsheets,

etc.) are automated—requiring little to no manual intervention.



5.3.2 DIAGNOSTIC ANALYSIS

Diagnostic analytics, just like descriptive analytics, uses historical data to answer a
question. But instead of focusing on “what”, diagnostic analytics addresses the critical
guestion of why an occurrence or anomaly occurred within your data. Diagnostic analytics
also happens to be the most overlooked and skipped step within the analytics maturity
model. Anecdotally, | see most customers attempting to go from “what happened” to “what
will happen” without ever taking the time to address the “why did it happen” step. This

type of analytics helps companies answer questions such as:
- Why did our company sales decrease in the previous quarter?
- Why are we seeing an increase in customer churn?

- Why is a specific basket of products vastly outperforming their prior year sales

figures?

Diagnostic analytics tends to be more accessible and fit a wider range of use cases
than machine learning/predictive analytics. You might even find that it solves some
business problems you earmarked for predictive analytics use cases. Being at the
diagnostic analytics phase likely means you’'ve adopted a modern analytics tool. Most
modern analytics tools contain a variety of search-based, or lightweight artificial

intelligence capabilities.

These features allow for detailed insights a layer deeper (for example: the Key
Drivers visualization in Power BI, or Qlik's search-based insight functionality). To be
clear, these are an effective lightweight means to address diagnostic analytics use cases
but are not a means to a full-scale implementation. Software vendors like Sisu have built
their core business around addressing diagnostic analytics use cases (what they call
“augmented analytics”) and are a great bet. Diagnostic analytics is an important step in
the maturity model that unfortunately tends to get skipped or obscured. If you cannot infer
why your sales decreased 20% in 2020, then jumping to predictive analytics and trying to
answer “what will happen to sales in 2021” is a stretch in advancing upward in the

analytics maturity model.
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5.3.3 PREDICTIVE ANALYSIS

Predictive analytics is a form of advanced analytics that determines what is likely to
happen based on historical data using machine learning. Historical data that comprises
the bulk of descriptive and diagnostic analytics is used as the basis of building predictive

analytics models. Predictive analytics helps companies address use cases such as:

- Predicting maintenance issues and part breakdown in machines.

- Determining credit risk and identifying potential fraud.

- Predict and avoid customer churn by identifying signs of customer dissatisfaction.
At the outset of any predictive analytics build, three core elements need to be established:

- ldentify a problem to solve,

- Define what is you want to predict, and

- State what you will achieve by doing so.

To start you should collect existing data, organize data in a useful way to allow for
data modelling, cleanse your data and review overall quality, and finally determine your

modelling objective.

While modelling takes up the spotlight in predictive analytics, data prep is a crucial
step that needs to happen first. This is why organizations with a rock-solid foundation in
descriptive and diagnostic analytics are better equipped to handle predictive analytics.
Simply put, the time and effort to prep, transform, and ensure data quality for retrospective
reporting has already taken place. The groundwork should be relatively well laid to quickly
identify and leverage data for the modelling phase. | always encourage customers with
well-defined KPIs and business logic in a specific business reporting area (think sales
reporting for example) to use that as the first predictive analytics use case. The goal is to
derive value quickly, and there is no better place to start than an area where you know

data is well defined and of high quality.

11


https://www.analytics8.com/blog/how-can-my-company-really-use-predictive-analytics/
https://www.analytics8.com/blog/how-can-my-company-really-use-predictive-analytics/

5.3.4 PRESCRIPTIVE ANALYSIS

Prescriptive analytics is the fourth and final pillar of modern analytics. Prescriptive
analytics pertains to true guided analytics where your analytics is prescribing or guiding
you toward a specific action to take. It is effectively the merging of descriptive, diagnostic,
and predictive analytics to drive decision making. Existing scenarios or conditions (think
your current fleet of freight trains) and the ramifications of a decision or occurrence (parts
breakdown on the freight trains) are applied to create a guided decision or action for the

user to take (proactively buy more parts for preventative maintenance).

Prescriptive analytics requires strong competencies in descriptive, diagnostic, and
predictive analytics which is why it tends to be found in highly specialized industries (oil
and gas, clinical healthcare, finance, and insurance to name a few) where use cases are

well defined. Prescriptive analytics help to address use cases such as:

- Automatic adjustment of product pricing based on anticipated customer demand

and external factors.

- Flagging selects employees for additional training based on incident reports in the
field.

Prescriptive analytics’ primary aim is to take the educated guess or assessment out
of data analytics and streamline the decision-making process. Prescriptive analytics is
commonly considered the merging of descriptive, diagnostic, and predictive analytics.
Getting started isn’t so much a step-by-step list but rather the time and effort up front to

build your competencies within the analytics maturity curve.

Simply put, there is no starting point in prescriptive analytics without the requisite
first three pillars of modern analytics being established first. If you're ready for prescriptive
analytics, then quantifying your call to action and the underlying criteria will be the first
requirement. For example: if the use case is to call corrective action for an employee (i.e.
— additional training based on poor performance) then the factors that necessitate this
action must be firmly established and the action itself must be clearly defined. Knowing

how each kind of analytics helps you better understand your data and how to use it.

12



5.4 POWER Bl

Microsoft Power Bl is a business intelligence (BIl) platform that provides
nontechnical business users with tools for aggregating, analyzing, visualizing and sharing
data. Power Bl's user interface is fairly intuitive for users familiar with Excel, and its deep
integration with other Microsoft products makes it a versatile self-service tool that requires
little upfront training.

Users can download an application for Windows 10, called Power Bl Desktop, and
native mobile apps for Windows, Android and iOS devices. There is also Power Bl Report
Server for companies that must maintain their data and reports on premises. That version
of Power Bl requires a special version of the desktop app -- aptly called Power Bl Desktop

for Power Bl Report Server.
5.4.1 USES OF POWER Bl

Microsoft Power Bl is used to find insights within an organization's data. Power Bl
can help connect disparate data sets, transform and clean the data into a data model and
create charts or graphs to provide visuals of the data. All of this can be shared with other

Power BI users within the organization.

The data models created from Power Bl can be used in several ways for

organizations, including the following:
- telling stories through charts and data visualizations;
« examining "what if" scenarios within the data; and

« creating reports that can answer questions in real time and help with

forecasting to make sure departments meet business metrics.

Power Bl can also provide executive dashboards for administrators or managers,

giving management more insight into how departments are doing.
5.4.2 FEATURES OF POWER BI

Microsoft has added a number of data analytics features to Power BI since its

inception and continues to do so. Some of the most important features are the following:

13
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Artificial intelligence. Users can access image recognition and text analytics in Power BI,
create machine learning models using automated ML capabilities and integrate with

Azure Machine Learning.

Hybrid deployment support. This feature provides built-in connectors that allow
Power BI tools to connect with a number of different data sources from Microsoft,

Salesforce and other vendors.

Quick Insights. This feature allows users to create subsets of data and

automatically apply analytics to that information.

Common data model support. Power Bl's support for the common data model
allows the use of a standardized and extensible collection of data schemas (entities,

attributes and relationships).

Cortana integration. This feature, which is especially popular on mobile devices,
allows users to verbally query data using natural language and access results using
Cortana, Microsoft's digital assistant.

Customization. This feature allows developers to change the appearance of

default visualization and reporting tools and import new tools into the platform.

APIs for integration. This feature provides developers with sample code and
application program interfaces (APIs) for embedding the Power Bl dashboard in other

software products.

Self-service data prep. Using Power Query, business analysts can ingest,
transform, integrate and enrich big data into the Power Bl web service. Ingested data can
be shared across multiple Power Bl models, reports and dashboards.

5.4.3 POWER BI EMBEDDED ANALYTICS

Power Bl embedded analytics allows you to embed your Power Bl items such as
reports, dashboards and tiles, in a web application or in a website. Power Bl embedded
analytics gives you additional benefits over secure embed. It offers a rich, fully integrated
experience with full API support, automatic authentication, and the reports can be hosted

in apps as well as web pages. Embedded analytics allows you to automate the monitoring,
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management, and deployment of analytics, while getting full control of Power Bl features
and intelligent analytics.

Power Bl Embedded has basically the same features as Power Bl Premium. You

can.

e Deliver compelling data experiences for your end users, enabling them to
take action based on insights from your solutions data.

e Quickly and easily provide exceptional customer-facing reports,
dashboards, and analytics in your own apps by using and branding Power

Bl as your own.
5.4.4 SECURE EMBED

Secure embed is the simplest no-code way to embed a report into any portal that
accepts a URL or frame. The viewer of the report must have the proper Power Bl license.
The viewer can interact with the report, but not edit, save, or make any changes to it.
Secure embed is available in the Power Bl service. For more advanced solutions that give
your users more flexibility and control, use one of the Power Bl embedded analytics

solutions described in this article.

Anyone on the Internet can view your reports, and you have no control over who
sees what you've published. They don't need a Power Bl license. Publishing to the web
is available only for reports that you can edit. You can't publish reports to the web if they're

shared with you or if they're in an app.
5.5 ANALYSIS OF MILK

Controlling and improving product quality to assure consumer health is of foremost
importance to the milk and dairy producers, in all phases of the production chain. Bruker
offers a portfolio of easy, reliable and cost-effective solutions for milk testing and dairy

analysis
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FIG. 5.1: ANALYSIS OF MILK
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CHAPTER -6

PROJECT IMPLEMENTATION

In this section, there is an overview of the process of data mining and data modelling,

from collecting the data, through the data preparation and finally the data modelling.

Data cleaning and formatting can be considered as the most critical part of the whole
project according to several data scientists.

Once the project undertaking is completely comprehended, our subsequent stage

is to gather the information that is required for future model building.

The analysis of milk depends on various factor namely:

. Milk analysis processing
. Density

. Fat content

. Acidity

. Total dry extract (TDE)

Now collect the dataset of these milk analysis

Import to the excel sheet. The project is implemented in Microsoft excel and

Microsoft power Bi

Power Bl is an interactive data visualization software product developed by
Microsoft with a primary focus on business intelligence. It is part of the Microsoft

Power Platform.

Power Bl is a collection of software services, apps, and connectors that work
together to turn unrelated sources of data into coherent, visually immersive, and

interactive insights.
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CHAPTER -7
RESULTS AND DISCUSSIONS

As a first exploratory examination, we consider the watched likelihood of deferral

in minutes on the whole dataset. The best path is through a histogram and graphs.
7.1 PREDICTION

Although its primary purpose is data visualization, Power Bl contains surprisingly
powerful predictive forecasting options, specifically in the area of time series forecasting.

Time series forecasting is defined as taking a model that is fit to historical data.

There are many different statistical models and methods that can be applied in this
use case, but with Power Bl, the end user doesn’t have to worry about the behind- the
scenes math going on. Instead, they can use one of Power Bl’s pre existing visualization

tools to quickly build a forecast model and visualize the results.
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FIG. 7.1: PREDICTION
72Q&A:

A report designer can add a specific type of interactive visual called the Q&A visual.
Power BI report end users can ask natural language questions and create a new report
visual that represents the answer to the question. The Q&A visual behaves like any other

visual in a report. Cross-filter, cross-highlight, bookmarks, and comments are enabled.
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Q&A visuals have a question box across the top of the visual. You type your
guestion into the question box and Q&A responds with a visual. The Q&A visual can be
used over and over again to ask questions about your data. When you leave the report,

the Q&A visual resets to its default.

[ kable 1 temperature

16K

Sum of TEMPERATURE

FIG.7.2: Q& A

*  Q&A feature lets you explore your data or query your data in your own words.
* The smart narrative visualization helps you provide a quick text summary of

visuals & reports

The Q&A feature in Power Bl lets you explore your data in your own words by
using natural language. Q&A is interactive, even fun. Often, one question leads to

others as the visualization.
7.3 SMART NARRATIVE

The smart narrative visualization helps you provide a quick text summary of visuals
and reports. It provides relevant innovative insights that you can customize. Use smart
narrative summaries in your reports to address key takeaways, to point out trends, and to

edit the language and format for a specific audience
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FIG. 7.3: SMART NARRATIVE

*  Q&A feature lets you explore your data or query your data in your own words
* The smart narrative visualization helps you provide a quick text summary of

visuals & reports

You see a narrative that's based on all of the visuals on the page. For example, in the
sample file, smart narratives can automatically generate a summary of the report's visuals
that address revenue, website visits, and sales. Power Bl automatically analyzes trends
to show that revenue and visits have both grown. It even calculates growth, which in this

case is 72 percent. Sometimes a hidden-summary symbol appears in this narrative.
7.4 MILK ANALYSIS PREDICTION

This dataset is manually collected from observations. It helps us to build machine
learning models to predict quality of milk. This dataset consists of 7 independent variables
ie pH, Temperature, Taste, Odor, Fat, Turbidity, Color. Generally, Grade or Quality of the
milk depends on these parameters. These parameters plays a vital role in predictive

analysis of the milk.

Generally, Grade or Quality of the milk depends on these parameters. These
parameters plays a vital role in predictive analysis of the milk. Usage. Target variable is
nothing but Grade of the milk . It can be if Taste , Odor, Fat, Turbidity are satisfies optimal

conditions then they will assign 1 otherwise 0.
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FIG. 7.4: Milk Analysis Prediction

Numerous statistical machine learning methods suitable for application to highly
correlated features, as those that exist for spectral data, could potentially improve
prediction performance over the commonly used partial least squares approach. Milk

samples from 622 individual cows with known detailed
7.5 AVERAGE MILK ANALYSIS

The average milk procurement through 19 District Co-operative Milk Producers
Unions during the year 2018-19 stood at 33.23 LLPD. On 29.10.2018, procurement stood
at an all-time high level of 37.03 lakh litres. Aavin stands at fourth position among the
state cooperatives across the country. In order to maintain the initial quality of milk and
to improve the keeping quality of milk by avoiding long time transportation to Chilling
Centres/Dairies, Bulk Milk Coolers (BMC) have been installed at village level for
immediate chilling of milk. At present, there are 356 BMCs with a chilling capacity of 15.94

lipd.
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FIG. 7.5: AVERAGE MILK PER DAY

7.6 MILK BRAND

The popularity of Arokya can be attributed to the fact that a whole ecosystem has
been built around the brand promise “Goodness with care, from our villages”. Great care
and hygiene goes into the procurement, processing and packaging of Arokya Milk to

ensure it's made available to you in a healthy way.

facuvill

STANDARDISED MILK
455 Fa

FIG. 7.6: AROKYA
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Aavin is a State Government Cooperative under the ownership of Tamil Nadu
Cooperative Milk Producers Federation Limited, Ministry of Cooperation, Government of
Tamil Nadu and the trademark of Tamil Nadu Co-operative Milk Producers' Federation
Limited. Aavin procures milk, processes it and sells milk and milk products to consumers.
The company produces a wide range of products, including milk, butter, yogurt, ice cream,
ghee, milk shake, khoa, tea, coffee, and chocolate, among other goods.

7.7 AVERAGE MILK TEMPERATURE ANALYSIS

Analysis of the data shows 1.58% (n = 67) milk intake loads demonstrated a
temperature greater than 10°C (Figure 2 outlined in black bar), while 60.22% of milk intake
loads (n = 2,551) were between 5°C and 7°C (Figure 2 outlined in clear bars). Although
raw milk on farms should be stored at 6°C, if not collected daily, EU legislation (EU 2004)
allows milk to be at 10°C on delivery to the milk processing plant. Nevertheless, the
temperatures need to be monitored more closely and interventions undertaken to lower

the temperature presenting at milk intake.
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FIG. 7.7: AVERAGE MILK TEMPERATURE
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7.8 AAROKYA VS AAVIN ANALYSIS BY YEAR

The effects of raw milk quality on processing capabilities and finished product
guality have been widely researched [18-20]. The bacterial load prior to pasteurisation for
example, affects the efficacy of pasteurisation [21]. With the temperature of raw milk being
one of the biggest influencing factors on product quality [14], little research has focused
on the impacts and benefits of temperature control of raw milk once it has reached the
dairy processing plant. Legislative requirements are in place to regulate the collection and
handling of raw milk from farm level to the processing plant. Therefore, it is in the interest
of the processor to uphold the quality of raw milk once collected at the farm. Oftentimes
however, particularly during peak season, temperature control may be diminished.

Uncontrolled temperature variation, combined with inefficient

CIP’s (Cleaning in Place Programs) and non-optimal hygienic design of
equipment, can lead to a larger energy demand including heat and water, required to
sufficiently clean processing equipment and uphold the quality of product [22,23].
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7.9 TEMPERATURE OF MILK AFTER COOLING

23 loads of milk exhibited a temperature greater than 10°C after cooling, while 49%
of loads were chilled to between 4.5°C and 5°C (n = 2,086). Furthermore, analysis of the
data shows 9.82% of milk intake loads were heated rather than cooled after pumping, i.e.,
416 loads were heated by up to 1°C increments (Figure 4). While 31 loads were heated

by more than 1°C increments.
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FIG. 7.9: MILK TEMPERATURE AFTER COOLING
7.10 OUTSIDE MILK AIR TEMPERATURE

Finally, all temperature data were compared with local air temperatures recorded
by a weather observing station located near the dairy plant (Met Eireann 2020), to
determine whether statistical significance existed between the temperatures of milk and
outside air temperatures for the period analysed. The findings showed that there were
significant positive correlations between the temperatures of loads in, the temperatures
of loads after cooling and the temperatures of outside air (P +0.299 and +0.036

respectively).
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Pareto chart for temperature change through milk cooling
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FIG. 7.11: OUTSIDE AIR TEMPERATURE
7.11 MILK PRICE

Milk represents cow's milk used mainly to make cheddar cheese. One contract
contains 200,000 Ibs of class Il milk. The Milk prices displayed in Trading Economics are
based on over-the-counter (OTC) and contract for difference (CFD) financial instruments.
Our market prices are intended to provide you with a reference only, rather than as a
basis for making trading decisions. Trading Economics does not verify any data and

disclaims any obligation to do so.

/ Source: USDA \

Class 11l Milk Prices ($/cwt)
$26

s2a
$22
s20
3 sis
“ %16
$1a
s$12
s10

$8

E I g L & S By B
R \,.Q& R \.,e’s, \°¢§° <& \909 \,,QQ < e> = 2P < <
L 38 =4

FIG. 7.10: MILK PRICE

27



7.12 GROWTH RATE IN MILK ANALYSIS

Between 2000 and 2016, the largest dairy operations (those with more than
1,000 milk cows) experienced a TFP growth rate of 2.993 percent per year. Meanwhile,
TFP growth for the smallest operations (those with fewer than 100 milk cows) increased

at an annual rate of 0.639 percent.
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FIG. 7.12: GROWTH RATE IN MILK

7.13 AAVIN VS AROKIYA
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The objective of this research was to evaluate the temperature of incoming raw
bulk milk loads at one large dairy manufacturing site. Data were collected and collated for
a three months peak season period (June, July and August 2018). Temperature records
for 4,236 data points, across three milk intake bays were analysed. The aim was to trend
temperature information and provides recommendations for optimisation at the milk

intake step.

The effects of raw milk quality on processing capabilities and finished product quality
have been widely researched [18-20]. The bacterial load prior to pasteurisation for
example, affects the efficacy of pasteurisation [21]. With the temperature of raw milk being
one of the biggest influencing factors on product quality [14], little research has focused
on the impacts and benefits of temperature control of raw milk once it has reached the
dairy processing plant. Legislative requirements are in place to regulate the collection and

handling of raw milk from farm level to the processing plant.
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temperature information and provides recommendations for optimisation at the milk

intake step.
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one of the biggest influencing factors on product quality [14], little research has focused
on the impacts and benefits of temperature control of raw milk once it has reached the
dairy processing plant. Legislative requirements are in place to regulate the collection and

handling of raw milk from farm level to the processing plant
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CHAPTER -8
CONCLUSION

This study quantitatively assessed the incoming raw milk temperatures and cooling
performance across three milk intake bays at one dairy manufacturing site for a three-
month period (June, July, August 2018). The outcomes of this study provided the dairy
manufacturer with the capability to reassess their pumping schedules with regards to
usage frequency on individual pumps to optimise both flow and chilling performance. This
research should encourage any dairy manufacturer to investigate their onsite chilling

performance and pumping frequencies at all intake bays.

The maximum temperature recorded for the three-month period was 17.17°C
(Table 3). A total of 1.6% loads in were warmer than 10°C however, the majority of loads
received were between 5°C and 7°C (Figure 2). Legislation states that once milk is
received it must be cooled to and stored at 6°C or below until further processing. With an
average site chilling performance of -1.44°C (SD 1.34), it is essential that stringent
temperature parameters at intake are followed. Where chilling capacity is inefficient, milk
must be processed as quickly as possible to uphold its quality. Milk processing plants
capability to cool incoming raw milk is crucial to upholding quality. The most significant
outcome of this investigation was the fact that some loads of milk (10.55%) had a greater
temperature after being pumped through the PHE. There were 416 loads heated to less
than 1°C increments while 31 loads were heated by >1°C increments (Figure 4). Of these
loads, only 0.54% data points show a temperature >10°C, however it was recommended
to the processing plant to carry out a full investigation on their pumps and PHE at each

intake bay.
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