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This report presents some of the key findings of the 

BrewNet project. The project is geared towards 

development of low cost cloud-connected sensing 

solution for process analytics in the food and 

beverage industry. To establish feasibility of such 

solutions, BrewNet explicitly investigates the 

fermentation process which is a key step in the 

brewing industry. The project investigates how 

sensor fusion such as combination of sensor outputs 

from ultrasonic and temperature sensors can enable 

better prediction of the optimal end-point for the 

fermentation process. We demonstrate how cloud 

computing, Internet of Things and sensing 

technologies can be combined to enable user-

centric predictive analytics for SME food and drink 

manufacturing. 

  

 Executive Summary 
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1. Research challenge 

 
The project was geared towards studying an 

effective and low cost design to automate the 

monitoring of beer fermentation in craft breweries 

through Internet of things (IoT) based connectivity, 

Machine Learning based process optimisation 

implemented in an IoT based Cloud platform.  Craft 

breweries fall in the category of SMEs where the 

emphasis is more on the original taste and quality of 

the produce instead of the scale of production and 

its advertisement. In order to maintain the quality, 

cost optimisation through the use of bespoke and 

affordable technology is a realistic approach to 

enhance profits for craft breweries.  The research 

challenge of this multidisciplinary feasibility project 

was to combine process sensors, wireless networks 

and cloud based cognitive algorithms to optimise 

small-scale fermentation processes. This project 

demonstrates how emerging digital technologies 

enable this optimisation at low cost and without the 

need for onsite instrument and data specialists. 

Specifically, the objectives of this study were to: 

 

1. Develop an ultrasonic sensor which can measure 

alcohol content in a small-scale fermenter 

 

2. Combine the ultrasonic sensor with off the shelf 

temperature sensors and connect to the cloud 

 

3. Develop algorithms within the cloud to predict 

optimal fermentation end-point 

 

4. Develop database of real-time fermentation data 

to share with brewing community 

 

5. Appraisal of developed technologies and 

methodologies 

 

6. Develop sustainable relationships between ECRs 

and SMEs enabling high impact future funding 

 

2. Context 

 
Small and Medium Enterprises (SME) are the 

work force of the UK economy employing 15.6 

Million people and accounting for 99% of all 

private sector business [1]. SMEs are particularly 

prevalent in the food and drink industry, the UK’s 

largest manufacturing sector [2]. The food and 

drink industry is characterised by the high 

volume production of low value products. SMEs 

operating within this sector often fall behind with 

technological advances due to a lack of capital to 

invest in new assets and limited or non-existent 

research capabilities. However, digital 

manufacturing does not require expensive new 

hardware or onsite expertise as process benefits 

such as reduced costs, resource utilisation and 

waste are delivered via the collection, analysis 

and decision support capabilities of data. This 

data can be collected by low cost sensors which 

are connected to a cloud server for near real-

time predictive analytics. One example of small-

scale food and drink processing is craft brewing. 

There are over 1,400 craft breweries within the 

UK [3], most utilising equipment and processing 

techniques which have not changed for 30 years. 

This makes it an often unpredictable and 

inefficient process. A critical stage of the brewing 

process is fermentation, where yeast is added to 

the wort to convert the sugar to alcohol. The 

fermentation process is complete once the beer 

has reached the desired alcohol content. This is 

currently determined by removing a sample and 

measuring the specific gravity using a 

hydrometer. Although the fermentation process 

should last the same duration every time, for a 

particular beer, this is rarely the case due to 

seasonal variability in ingredient (malts, hops, 

water) properties and natural fluctuations in 

temperature. As specific gravity measurements 

are only taken every few hours (or longer if no-

one is working overnight) this often leads to over 

fermentation. This results in an inferior product 

and inefficient use of resources such as 

electricity for heating. Sub-optimal fermentation 

also has a significant effect on downstream 

processes (e.g. kegging) and often results in the 

need for additional processing steps (e.g 

additional sugar addition). Large scale brewers 

use inline Near Infrared spectroscopy (NIR) to 

measure alcohol content in real-time. However, 

these instruments cost in excess of £50,000 and 

require trained operators, so are not a feasible 

investment for craft brewers. Ultrasonic 

techniques use high frequency (>100 KHz) low 

power (<100 mW cm-2) pressure waves to non-

invasively measure solid/liquid materials physical 

chemical properties. Ultrasonic techniques offer 

a low cost solution to process measurements but 

currently no commercial solutions exist for a 

SME brewing environment due to integration 

challenges with legacy technologies and 

expertise requirements. 
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3. Approach 
 
Ultrasound has previously been used to measure 

alcohol content during wort fermentation [4] – [6]. 

However this translational project is the first to 

connect ultrasonic sensors to the cloud for signal 

and data analysis. Continuous and accurate 

determination of temperature and alcohol 

concentration is critical in beer production. Often, 

these parameters are off-line, resulting in 

contamination hazards, use of skilled human 

resource and unsuitable timeliness. Adopting US 

based non-intrusive on-line technologies can 

improve the automation of fermentation, resulting in 

optimisation and decreasing operational costs. 

Ultrasonic monitoring of fermenting liquids makes 

use of US parameters such as propagation velocity 

and acoustic impedance of the liquids which 

changes as the fermentation progresses to 

determine the concentration of alcohol contained 

inside fermentation systems.  Machine learning 

approaches have been used to study fermenters [7], 

[8] but existing work has focussed on classifying 

product properties feedstock properties and process 

settings. This will be the first algorithm developed to 

predict optimal fermentation end-point from historical 

and real-time data. Cloud-connected sensors are 

currently utilised within discrete manufacturing and 

healthcare technologies. For example, condition 

monitoring through cloud-connected sensors has 

been used to study tool wear in turning processes 

[9]. This project will be the first to apply these 

concepts to SME food and drink manufacturing. The 

project will also employ state-of-the-art IoT 

connectivity and communication protocols which to 

the best of our knowledge have not been tested in 

the SME food and drink environment. Thus from 

technological perspective, we will investigate how 

Industrial IoT can transform SME production 

efficiency and determine its capabilities in terms of 

reliability and scalability. The research and 

implementation of the project can be divided into 

three phase 

 

1. Data sensing, collection and communication 

2. Cognitive learning and inference in the Cloud 

3. Developing a user dashboard for online 

process control 

Beer Brewing -- Process overview 

Brewing is a process of extracting sugar from a 

starch source such as barley, wheat, etc., and using 

yeast to ferment it to produce carbon dioxide and 

alcohol. Barley is the most widely used grain for 

producing beer. In the first stage, barley is pre-

processed during which it is heated, dried and 

cracked (Figure 1). It is then steeped with hot water 

to break it down into sugars. This sweet liquid is 

called wort. Yeast is added to the wort which triggers 

its fermentation. Most commonly, fermentation is 

performed at warm temperatures (20-24 degree 

Celsius). Once the desired level of fermentation is 

attained, the mixture is cooled down. This mixture 

called beer is then bottled and sometimes 

carbonated to achieve the desired taste. 

  

 

 

In this project, the goal has been to optimise the 

fermentation stage via state-of-the-art monitoring. 

Alcoholic fermentation is an essential process in the 

production of not only beer but a range of foods and 

drinks and in the production of biomass, microbial 

enzymes and biofuel. Saccharomyces cerevisiae is 

a widely used type of yeast which ferments sugars 

into ethyl alcohol and carbon dioxide. In the most 

simplistic terms, during fermentation simple sugars 

are converted into ethanol and carbon dioxide as a 

result of the following reaction (Figure 2): 

 

 
Figure 2. Alcoholic Fermentation Reaction [10] 

 

Once saturation is attained, carbon dioxide leaves 

the fermenting liquid by either diffusion through the 

liquid/gas interface or release of bubbles.  

 

IoT and Industrial IoT overview 

The term IoT was used for the first time by Kevin 

Ashton in 1999. It coined the vision of the 

importance of robust and autonomous 

communication via the internet between most 

objects surrounding us. The idea was casted under 

the term IoT where the everyday objects are referred 

to as ‘things’. The diversity in the nature of objects, 

operations and their inter-communication is unified 

under this framework. The inter-connectivity of these 

Figure 1. The process of brewing 
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objects is of prime importance as the collective 

intelligence of the IoT network emerges from simple 

object level interactions. The emergence of such 

collective intelligence in turn opens up new avenues 

of innovation in future homes and industries. 

 

Industrial IoT (IIoT) is the term specific to the 

influence and migration of industrial processes 

towards IoT based solutions for automation and 

control. The collective intelligence of IoT can be 

further enhanced by adopting machine learning 

techniques to analyse the data produced on-site and 

make informed decisions. It enables the industry to 

monitor, collect, exchange, analyse, and deliver 

more efficiently than ever. Many manufacturers and 

industrial product companies have made great 

advances in connecting their products and 

appliances to the IoT.  General Electric (GE), Shell, 

DHL etc., are excellent example of IIoT 

transformation in businesses. 

 

In the same context, SMEs including craft breweries 

make the perfect use-case of IoT/IIoT 

transformation. Those SMEs that quickly adapt to 

the new business and operation model offered by 

IIoT can grow on to be leaders of the market in the 

future by maximising the return on investment (RoI). 

Hence, as discussed before, this project is 

especially geared towards SMEs to enable them to 

have a seamless transition in the era of IIoT. 

   

Introduction to LoRa 

Low Power Wide Area Network (LPWAN) systems 

installations are being deployed in increasing 

magnitudes and promise a viable solution for inter-

connectivity and coverage in future networks. IoT, as 

discussed before, is foreseen to be the future of 

smart living, heavily relies on LPWAN technologies 

to ensure extended coverage in both outdoor urban 

and rural settings. The reliability of LPWAN 

technology due to its long range, low power, and 

resilient communications qualifies it as ideal 

candidate for dense Wireless Sensor Networks 

(WSNs) and IoT deployments spanning possibly 

hundreds of square kilometres in complex terrains. 

LoRa [11], Sigfox [12] and NB-IoT [13] are leading 

LPWAN technologies for IoT networks that are still 

largely in research and development phase to be 

followed by large scale commercial deployment. A 

typical use case of such networks is in IIoT systems 

where there is need to cover a large number of end 

devices/nodes distributed across a given space. 

LPWAN technologies promise a coverage of more 

than 24 miles in rural and up to 3 miles in urban 

areas. Along with long range, LPWANs operate on 

low power providing more than 10 years of battery 

lifetime at a low cost [14]. 

 

In this project, we designed, deployed and tested a 

state-of-the-art LoRa connectivity solution 

provisioning connectivity between the brewery and a 

LoRa gateway (GW) separated by a distance of 

more than 5km. LoRa technology operates in the 

ISM frequency band offers robust long range 

communication due to Chirp Spread Spectrum 

(CSS) modulation with relaxed latency constraints 

[16]. However, it is restricted by duty cycle 

limitations, such as 1% duty cycle in EU regulations 

in 868 MHz band. The operational bands of LoRa 

include sub gigahertz frequencies of 169 MHz, 433 

MHz and 915 MHz. Considering that each packet is 

prepended with a preamble to allow for frequency 

and timing synchronization at the receiver, the actual 

data rate ranges approximately from 0.3 kbps to 11 

kbps, with BW = 250 kHz. Note that current full-

edged LoRa GWs allow for the parallel processing of 

up to 9 LoRa channels, where a channel is identified 

by the specific subband and spreading factor (SF) 

index. 

 

Components of LoRa 

The LoRa system consists of three main 

components [15]: 

 

 LoRa End-devices:  sensors with LoRa radio 

interface to one or more LoRa GWs; 

 LoRa GWs: concentrators that bridge end-

devices to the LoRa Server, which is the 

central element of the network architecture. 

 LoRa Server: the network server that controls 

the whole network (radio resource 

management, admission control, security, 

etc). 

 

LoRa network is most commonly deployed in 

primarily a star topology, where the end-devices are 

connected via single-hop LoRa communication to 

one or many GWs that, in turn, are connected to a 

common Server using a wired or wireless internet 

link. The GWs receive messages from the end 

devices and forward them to the server and vice-

versa. The support for bi-directional communication 

is a key feature of that LoRa offers while other IoT 

technologies such as Sigfox do not support that. 

 

LoRa Physical Layer 

The LoRa radio communication is based on Chirp 

Spread Spectrum (CSS) [16].  

 

LoRa MAC 

The MAC layer defined by the LoRa Alliance is 
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called LoRaWAN. The LoRa server controls the 

transmission of the end nodes via ALOHA based 

medium access mechanism [15]. LoRa MAC 

offers a trade-off between energy efficiency and 

link robustness via allowing adaptive data rate 

based on the signal strength at the receiver. 

LoRa MAC allows end nodes to join the network 

via either over-the-air activation (OTAA) or 

activation by personalisation (ABP). These are 

two mechanisms for registering a new device in 

the network and exchanging authentication keys 

to ensure security. For the sake of this study, we 

have used ABP since it allows to preconfigure 

and register devices with known IDs. 

 

4. Research and Development 

 
In this feasibility study, we have divided the work 
into the following broad phases; 
 

1. Data sensing and collection 

2. Cloud empowered control algorithm 

development 

3. User dashboard development for remote 

control 

Data sensing and collection 

In order to monitor the progress of fermentation, 

conventionally a sample from the fermenter is 

extracted on regular basis. This sample is then 

analysed to determine the current proportion of 

alcohol and estimate the time required for it to reach 

the desired concentration. Most commonly, regular 

collection of alcohol content and temperature data 

from the fermenter is performed using existing offline 

techniques (thermometer and hydrometer). At the 

beginning of the project, the data collected offline is 

used to give an initial indication of typical 

fermentation times and variability and used to 

predict the fermentation completion time 

  

Ultrasound (US) Pulse Echo Method 

The US pulse echo method makes use of the 

changes in wave propagation parameters at the 

interface of two difference substances to identify the 

characteristics of the material the US is traversing. 

Both longitudinal and transverse waves can be used 

based upon the desired operation and its features. 

When the US wave is incident on a boundary 

between a buffer medium and the sample under 

consideration, some of it is transmitted through the 

boundary and the rest is reflected. The acoustic 

impedance which is a material dependent property, 

dictate the amount of energy transmitted and 

through and reflected back from a boundary. 

Particularly, in buffer rod method, PPMA (also 

known as Perspex) is most commonly used as 

buffer material. A transducer which is a piezoelectric 

crystal is bonded to one plane face of the buffer rod. 

The sound signal generated by the transducer is 

partially reflected and partially transmitted at the 

buffer-sample interface.  

 

Bespoke Ultrasonic Measurement 

Development of a bespoke ultrasonic measurement 

sensor to operate within the fermenter was one of 

the objectives of this project. This comprises of an 

ultrasonic transducer, a pulser-receiver and 

combined with off the shelf industrial thermocouples. 

The ultrasonic sensor simultaneously measures 

sound velocity and density, which coupled with the 

temperature data is used to calculate alcohol 

content.  All sensors are housed in a bespoke holder 

in a current fermenter port and transmit data to a 

controlling unit.  

 

Research Challenges and Design and specifics 

of the probe 

The ultrasonic and temperature sensors would be 

housed in a bespoke holder. The challenge would 

be to develop a probe holder that would not require 

any modification to the existing fermentation vessel. 

As the fermentation vessel has triclamp ports 

located towards its bottom it was decided to design 

and build a probe that would fit into these ports. The 

design can be seen in Figure 3. The ultrasonic 

transducer was spring mounted to ensure constant 

contact pressure within the holder. This transducer 

was positioned against a section of Perspex and not 

directly with the fluid within the fermenter to enable 

more ultrasonic data to be recorded. During the 

commissioning of the sensor a range of transducer 

frequencies were tested and it was found that 1 MHz 

had the ideal balance between spatial resolution and 

propagation distance. The commercial hardware 

utilised for the sensor commissioning included: 

 

 Sonatest 1 MHz immersion ultrasonic 

transducer 

 PT1000 PRT thermocouple 

 Picolog PT-104 data logger 

 Lecoeur US-BOx 
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Figure 3. Sensor probe design 

 

 

Table 1. Brewing Data Collection 

 

Figure 4. BrewNet Sensing Platform 

  

Beer 
Brewing start 

date 
End of data 

logging 
Temp 
data 

US setting 
1 MHz transducer 

Slap in the face 30-01-2018 05-02-2018  10 seconds every 10 mins (80Mhz sampling freq) 

Slap in the face 05-12-2017 11-12-2017  10 seconds every 10 mins (80Mhz sampling freq) 

Captain 
hopbeard 

26-10-2017 01-11-2017  10 seconds every 10 mins (160 Mhz samp) 

Punch in the 
face 

05-10-2017 11-10-2017  10 seconds every 10 mins (160 Mhz sampling freq) 

Captain 
hopbeard 

24-08-2017 30-08-2017  
70 waveforms every 10 mins or so. It is 10 seconds recorded but more 

waveforms as no pause. Sampling freq 80mhz 

Slap in the face 15-08-2017 21-08-2017  
195 frames saved every half an hour or so. Not at a regular interval. 

Sampling freq 80mhz 

Guardian of the 
forest 

08-03-2018 14-03-2018  10 seconds every 10 mins (80Mhz sampling freq) 

Slap in the face 20-3-2018 26-03-2018  10 seconds every 10 mins (80Mhz sampling freq) 

 

 

 

 

Sensors

Processor

LoRA 
Comms.

Temperature Sensor Amplifier

US-SPI

MultiConnect mDot
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Table 1 provides the summary of the US and 

temperature data collected in the brewery. 

 

Sensing Platform 

In order to monitor the progress of brewing, a 

sensing platform was developed. It comprises of a 

Lecoeur Electronique US Serial Peripheral Interface 

(SPI) for receiving the US signal and communicating 

it to the central processor, Raspberry Pi 3, over SPI. 

Similarly, Adafruit Platinum RTD Sensor (PT100-3) 

is used to sense the temperature of the mixture 

which is then communicated to the Raspberry Pi via 

Adafruit Temperature Sensor Amplifier (MAX31865). 

US signal of 1 MHz is generated by the transducer 

in the probe for 10 seconds every 10 minutes for 

most of the observations. The US signal and 

temperature data is then communicated to the 

outdoor LoRa GW by the Multitech RF module 

called MultiConnect mDot. Figure 4 shows a layout 

of the platform. 

 

LoRa Connectivity: Indoor vs Outdoor GW 

For the sake of this feasibility study, we have studied 

the connectivity of a LoRa RF module at the sensing 

platform and both indoor and outdoor GW. The 

distance between the brewery and the University of 

Nottingham is about 5 km. It is a typical urban 

landscape between the two sites.  It encompasses 

residential area, tall buildings of the city and a 

garden. The propagation environment comprises of 

several reflective/absorptive materials with 

scattering. Figure 5 depicts this setup for LoRa 

communication between the brewery and the 

university. 

 

 

 

Figure 5. Experimental Setup for LoRa 

As for the indoor GW, we used inAir9 (see  

Figure 6 based LoRa RF module connected with 

Arduino. This gateway as tested for indoor use. 

Given the propagation environment of between the 

brewery and the university, this indoor setup only 

provided a range of about 2 km. 

 

 
 
Figure 6. inAir9 LoRa module 

 

 

In order to exploit the line-of-sight (LoS) between the 

transmitter and the GW, we then made use of 

Multitech Gateway and Outdoor BS bundle shown in  

Figure 7. It promises a better coverage due to the 

placement of the gateway outdoor at a location high 

enough so that a clear LoS can be established 

between the transmitter at the brewery and the GW. 

 

University
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Figure 7. Multitech Conduit Outdoor Base 
Station 

 

Optimal Placement of LoRA Gateways in a city 

wide deployment 

An important design question for the operation of the 

communication link is the choice of the location to 

place the gateway such that maximum coverage in 

attained. It becomes more crucial for wider 

deployment of the system where multiple gateways 

need to provide coverage to multiple end nodes 

located at different geographical locations. In a 

realistic scenario, any industry can have multiple 

operation sites that need to be connected to the 

central LoRa server via various GWs. New sensing 

platforms/end devices (EDs) may enter or leave the 

network due to changing operational requirements. 

Hence the exact locations of all devices might also 

not be known at the time of GW placement. 

Therefore, it is important to study the design 

principles of GW deployment to cater for optimal 

coverage for all sites with a certain degree of 

uncertainty in the number and locations on end 

nodes to be covered.  

 

As a part of this work, we study various possible 

approaches of LoRa GW deployment and compare 

their benefits in terms of coverage and cost 

optimisation across the network. Based on the 

findings, it is important to propose new 

methodologies that overcome the shortcomings of 

existing solutions. In our study, we examine the 

application of K-means clustering, otherwise known 

as Lloyd’s algorithm for selecting GW deployment 

locations assuming that ED locations are known. 

The resultant model is nondeterministic polynomial 

(NP)-complete. We also adopt a network agnostic 

(Spatial and Grid) approaches to find optimal GW 

placement locations assuming ED locations are not 

known. For these approaches we find the 

propagations losses and then examine application of 

Integer Linear Programming (ILP) based constrained 

optimisation for link assignment between respective 

GWs and EDs. We employ the ITU Irregular Terrain 

Model [17] to capture the geographical profile of the 

terrain of the deployment area (city model). We rely 

on Simplex Method implementation of ILP which is a 

core foundation of almost all linear optimisation 

applications. We compare the GW deployment and 

link assignment approaches and demonstrate that 

network agnostic approach with ILP based link 

assignment outperforms other approaches in terms 

of link quality and load distribution across the 

network. 

 

In summary, our research has the following novel 

outcomes: 

 

 We propose machine-learning based LoRaWAN 

geographical planning in an NP-complete 

approach. 

 

 We formalize LoRaWAN network link assignment 

procedure in a constrained Integer Linear 

Programming (ILP) form for network QoS 

optimisation, thus presenting a generalized NP-

complete form for the problem. This makes it 

possible to converge on global optimal solution 

with maximum Received Signal Strength 

Indicators (RSSIs) in the network under defined 

GWs load constraints. 

 

 We prove that the principle of highest altitude for 

GW placement, if applied automatically 

irrespective of terrain nature or network 

distribution, can lead to extremely deteriorated 

network architecture. 

 

 We introduce the concept of "Network-Agnostic 

Wireless Planning" where network GWs locations 

can be estimated without prior knowledge of 

specific locations of EDs in a dense pervasive 

distribution. We introduce Spatial Algorithm for 

network-agnostic planning.  We show that the 

algorithm can, in principle, provide competitive 

solutions for GW placement given only the terrain 

profile of the city assuming multiple gateways are 

required to provide connectivity across the city-

wide deployment of LoRa nodes. 
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 We show that network-agnostic planning  

method, Spatial Method, can provide solutions 

with competitive RSSIs to network-specific 

method, even if the existing EDs locations are 

not known. We also demonstrate that ILP link 

assignment method can provide optimal load 

balancing solution in traffic hotspots without any 

tangible deterioration to network RSSIs. 

 
Figure 8 shows the performance of the algorithms 

we studied for optimal gateway placement. It shows 

that the strength of the received signal and hence 

the quality of the IoT communication between the 

operational sites and the GWs can be significantly 

improved by optimal placement of the gateways. 

 

The sensing platform will forward observations to a 

cloud-connected gateway (located at UoN) for 

processing and storage. 

 

Cloud empowered control algorithm 

development 

Evolutionary technologies like big data analytics, 

IoT, artificial intelligence need extensive 

computational resources. Cloud computing offers a 

parallel solution to in-house computing architectures 

where enterprises can make use of cloud platforms 

for data processing and storage. It saves them from 

the need to invest and maintain costly infrastructure. 

Currently, a sizeable number of public cloud 

platforms are available that enable ubiquitous 

access to shared pools of configurable system 

resources and higher-level services that can be 

rapidly provisioned with minimal management effort. 

Leading cloud platforms include Amazon Web  

 

 

Figure 8. Overview of the performance of gateway placement algorithms

Services (AWS), Microsoft Azure, Google Cloud 

Platform, IBM Bluemix and Ali Baba Cloud. For the 

sake of this project, we use the IBM Bluemix and 

Watson IoT platform process and store the brewery 

data. Once the gateway has been setup, it is 

connected to IBM cloud platform.  

 

US and temperature data analytics and machine 

learning  

In this study, we analyse the US waveforms to first 

identify the characteristics that can help in predicting 

the end-point of the process of fermentation. As the 

process of fermentation progresses, the US signal 

reflections shows variations in terms of its peak 

amplitude. Alongside, we also analyse the 

temperature data to extract underlying information 

regarding the extent of fermentation. 

 

The analysis methods include studying the 

maximum amplitude of the reflections. The first 

reflection is from the Perspex beer interface so has 

only propagated through the Perspex whereas the 

second reflection is from the beer reflector interface 

so has propagated through the beer. To investigate 

further, we also study the variation within the 

maximum amplitudes of both the first and second 

reflection and calculated the cumulative variation. It 

is known that fermentation produces CO2 bubbles 

which would increase the variation in the received 

reflection amplitudes. This variation can then be 

plotted on a cumulative graph and correlated to 

alcohol content. The speed of sound through the 
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beer during fermentation was also calculated. Speed 

of sound is highly temperature dependent so the 

results were normalised in relation to temperature 

variation before during and after the fermentation. 

 

Temperature Data 

The measurement of temperature of the brewing 

process using our US probe is shown in Figure 9. 

Ideally fermentation results are best between the 

temperatures 20-22 degrees Celsius. Very cold 

temperature can make the process dormant and 

high temperatures can affect the taste of the final 

product. As shown in the figure, the temperature is 

maintained within the range of 20-22 degrees up 

until around day 3 when the fermentation process in 

completed. It is then rapidly cooled to stop the 

fermentation and maintain a desired level/taste of 

alcohol. Between 1 and 3 days in Figure 9 it can be 

seen that the temperature increases and cools. This 

is because the fermentation produces heat and 

above a set temperature of 22 degrees a cooler 

system turns on to cool the fermenter. This turns off 

once the fermenter is cooled below 21.5 degrees. 

The sudden reduction in temperature at day four is 

when a second cooler set at 12 degrees is turned on 

to end the fermentation. This time is currently 

selected by the brewery workers. 

 

Figure 9. Temperature Variation during fermentation 

 
 
 

            
Figure 10. Typical received US waveform 
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Figure 11. Method for calculating ABV from variation in reflection 2 amplitude 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
Figure 12. Method for calculating velocity of sound (VOS) from time of flight (TOF) 
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Figure 13. Method for predicting Alcohol by Volume (ABV) from VOS results 

 
 

US Data 

Figure 10 shows the amplitude of the US signal in a 

typical waveform. The difference in amplitude of the 

signal at various interfaces within the probe can be 

seen. This variation is easier to comprehend if we 

analyse the peak amplitude of the first and second 

reflections. In order to confine our analysis, we use 

windowing to study a specific part of the signal.  

 

The US results are presented for the four 

fermentations we were able to record complete data 

sets for both sensors. These are the following 

fermentations for the beers named Slap in the face 

and Guardian of the forest: 

 

1. Slap in the face started 5/12/2017 

2. Slap in the face started 30/1/2018 

3. Slap in the face started 20/3/2018 

4. Guardian of the forest started 8/3/2018 

 

 

 

 

For the fermentation slap in the face started 

5/12/2017 the data recording actually started 20 

hours after the fermentation due to some technical 

problems with the sensors. 

 

Results from all fermentations indicate that the 

ultrasonic features extracted from the data are 

sensitive to the fermentation process and a valid 

technique for monitoring the process. In particular 

the STD of amplitude in reflection 2, medium 

amplitude in reflection 1 and VOS all appear to be 

promising methods. It is noted that the US results 

were variable between fermentations of the same 

beer and at this stage it is unsure if this is related to 

variations within the actual fermentations or the US 

sensing methods. More controlled lab scale 

fermentations are currently underway to obtain more 

data and identify the source of this variation. The 

visualizations were first carried out in MATLAB 

which are now being integrated with IBM Watson IoT 

platform. 
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Figure 14. STD of amplitude in reflection 2 (top) and cumulative sum of STD (bottom) 

 
 
 
 
 
 

 
Figure 15. Medium amplitude in reflection 2 (top) and reflection 1 (bottom) 
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Figure 16. STD of amplitude in reflection 2 (top) and cumulative sum of STD (bottom) 

 
 
 
 
 
 
 

 
Figure 17. Medium amplitude in reflection 2 (top) and reflection 1 (bottom) 
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Figure 18. STD of amplitude in reflection 2 (top) and cumulative sum of STD (bottom) 

 
 
 
 
 
 
 
 

 
Figure 19. Medium amplitude in reflection 2 (top) and reflection 1 (bottom) 
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Figure 20. STD of amplitude in reflection 2 (top) and cumulative sum of STD (bottom 

 
 
 
 
 
 
 
 
 

 
Figure 21. Medium amplitude in reflection 2 (top) and reflection 1 (bottom). 
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Regression based Machine Learning Algorithm 

The main objective of a machine learning algorithm 

in this study is to predict the end-point of the 

fermentation process by processing the US and 

temperature data. As depicted in the US results the 

features extracted from the data proceed to a 

maximum value when fermentation comes to an 

end.   

 

Currently we are training a polynomial regression 

algorithm to estimate the end-point of the process 

using second reflection data. We have adopted a 

supervised learning approach where the brewing 

data is used to train the model for better prediction 

of the same type of brewing every time.  As more 

data is collected, the coefficients of the polynomial 

become more accurate hence leading to a better 

prediction of the endpoint. The current data and the 

observed results are establishing a proof of concept 

that such regression based algorithm hosted in a 

cloud can accurately determine the end-point of the 

process leading to efficient control for SMEs. This 

will eliminate the need for physical intervention of 

any individual to take a sample out from time to time 

to determine the stage of fermentation. As data is 

periodically sent via the sensing platform and the 

gateway to the prediction engine, real time on line 

monitoring and prediction of end-point becomes 

possible. 

 

User dashboard development for remote control 

There are two user dashboards (Figure 22): one 

locally hosted on the gateway which is programmed 

using node-red. We employ node-red-dashboard  

Figure 22. Snapshot of User Interface 

 

packages to develop a user interface (UI) which 

shows a gauge indicating time left before reaching 

optimal fermentation point. The UI also shows raw 

ultrasonic wave forms. Node red flow also pushes 

the data to the IBM Watson IoT Platform where we 

aim to implement our proposed regression model. 

The Watson IoT platforms allow any-time any-where 

access in contrast to localise access from the 

gateway. Our ultimate aim is to have our own cloud 

server which can provide single point for data 

storage and analysis. We can then scale 

computational load and even deploy new learning 

modules on the fly using Docker containerisation. 

The node-red flow for current prototype is shown in 

Figure 23. As it can be seen that the flow runs 

MQTT to push data, i.e. enabling integration with 

any cloud based platform. 

 

 

  
Figure 23. Node-red Flow diagram 
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5. Summary of Results 

 
There are multiple niche outcomes of this feasibility 

study. They include development of a bespoke 

ultrasonic measurement sensor to operate within the 

fermenter. This sensor and its housing unit provide 

an efficient way to gather the characteristics of the 

fermenting liquid without any intervention in the 

fermenter. It is followed by the design and 

development of a sensing platform to receive data 

from the probe and communicate it to the IoT 

gateway. It is a unique platform that combines 

temperature and US data and enables it to be 

transmitted over an IoT link. We further studied the 

optimal placement of the IoT gateway for a wider 

deployment of the solution. It addresses the practical 

issues of wider deployment of the system in future. 

We also concluded that an outdoor deployment of 

the GW is better suited in an urban environment to 

reap maximum coverage. Data analytics and 

machine learning in a cloud platform developed and 

implemented in this project helps to analyse the 

progress of the process and predict its end-point. 

Polynomial regression was used to estimate the 

end-point of the process. Moreover, development of 

IBM Watson IoT based dashboard offering remote 

access and control for the user of the system. In 

summary, the outcomes of the project establish the 

proof of the concept of using IoT technologies for 

remote, online and real time process control and 

optimisation. 

 

 

Table 2. Summary of Wider Benefits 

6. Wider applications 

 
This project delivers numerous benefits to the 

collaborators, the environment and the wider UK 

PLC, summarised in Table 2. This work is also 

aligned with 3 of the EPSRC’s nations: Productive 

(SME process optimisation) Connected (Cloud 

enabled process optimisation) Resilient (Reduced 

resource utilisation and feedstock/process variability 

effects). 

 

  

Benefit Benefactor Quantity Notes 

Economic 
saving 

TB & UK 
craft 
brewers 

TB £500 pa 
UK 
£290,000 pa 

Based on 1% beer loss for fermentation checks and overuse of 
utilities, TB produce ~400 barrels pa, UK craft brewers produce 
~50,000 barrels pa  

Reduced 
water use 

Environment  84 ML pa 
(UK) 

Based on an average over fermentation time of 10 hours for all 
1,700 UK craft brewers 

Reduced 
energy use 

Environment 62 Mwh  pa  
(UK) 
53 tCO2 pa 
(UK) 

Based on an average over fermentation time of 10 hours and 
typical cooling equipment consumption 

Alignment 
with future 
legislation  

TB & UK 
craft 
brewers 

 Planned future legislation for accurate calorie content for all beer 

Improved 
product 
consistency  

TB, UK craft 
brewers, 
consumers 

 Reduced consumer tolerance for product variability affecting 
brand confidence 

Proof of 
concept 

Academic 
investigators 

 Esteem and enables future high impact research 
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7. Future plans & conclusions 
 
This project presented a comprehensive framework 

for design and implementation of next generation 

cloud-connected IoT solutions for the food and 

manufacturing industry. It validates our hypothesis 

that it is possible to develop low cost solutions for 

process analytics which can improve the productivity 

of food and beverage industry. The project also 

highlighted the shortfall of current technologies in 

providing reliable sensing platform. Firstly, we 

observe that from the connectivity perspective not 

many IIoT applications can benefit from LoRA 

unlicensed IoT solutions which not only provide low 

throughput but does not provide good NLoS range. It 

is therefore hoped that future Narrowband IoT 

technologies which are currently being developed as 

a part of 5G standardization will fill such a vacuum. 

From sensing perspective, although the actual cost 

of ultrasonic sensing platform is lower than 

competing spectroscopy solutions it is still 

significantly higher considering RoI for the SME. To 

this end, our future work will be based on: 

 

 Development of low cost ultra-sonic sensing 

platform with multi-interface connectivity; 

 Development of modular software based on 

containerisation to enable on the fly and cross 

brewery learning; 

 Development of multi-use sensing platform 

which can be reused at various manufacturing 

stages. 
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