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Abstract: This article took the case of the adoption of a Machine Learning (ML) solution in a steel
manufacturing process through a platform provided by a Canadian startup, Canvass Analytics.
The content of the paper includes a study around the state of the art of AI/ML adoption in steel
manufacturing industries to optimize processes. The work aimed to highlight the opportunities
that bring new business models based on AI/ML to improve processes in traditional industries.
Methodologically, bibliographic research in the Scopus database was performed to establish the
conceptual framework and the state of the art in the steel industry, then the case was presented
and analyzed, to finally evaluate the impact of the new business model on the operation of the
steel mill. The results of the case highlighted the way the innovative business model, based on a
No-Code/Low-Code solution, achieved results in less time than conventional approaches of analytics
solutions, and the way it is possible to democratize artificial intelligence and machine learning in
traditional industrial environments. This work was focused on opportunities that arise around new
business models linked to AI. In addition, the study looked into the framework of the adoption
of AI/ML in a traditional industrial environment toward a smart manufacturing approach. The
contribution of this article was the proposal of an innovative methodology to put AI/ML in the hands
of process operators. It aimed to show how it was possible to achieve better results in a less complex
and time-consuming adoption process. The work also highlighted the need for an important quantity
of data from the process to approach this kind of solution.

Keywords: artificial intelligence; machine learning; smart manufacturing; Industry 4.0;
business model; No-Code/Low-Code solution

1. Introduction

This article tackles the opportunities that new business models [1] based on artificial
intelligence (AI) can generate to transform traditional factories toward a smarter and
more efficient environment, and how people on the shop floor can be empowered by the
information these types of solutions produce. To illustrate the subject, the article presents
a case of a steel industry that needed to improve the process of its blast furnace, with a
focus on energy consumption, quality consistency, and lower silicon usage. The work
from [2] highlighted the disruptive potential of AI, and more recently, machine learning
(ML), to generate new business models and opportunities for entrepreneurs. The authors
support the conceptual development with many cases from practice, and conclude that
the innovative potential of the new business models can give rise to radical new operating
models that could lead to firms of a kind not seen before.

Another point to address, connected with the subject this article aimed to tackle,
was raised by [3] regarding opportunities for the development of smart industries, and
their expansion and evolution of production processes. This was a result of the demand
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for more efficient technologies and procedures, quality standards, and cost reduction, as
well as technological improvement. Furthermore, a large variety of issues were discussed
regarding Industry 4.0; the main focus of the new production paradigm is to bring into
existing industries more intelligent and adaptable processes, with better use of production
resources. In the article, the authors provided an interesting approach to industrial process
optimization and smart manufacturing.

To complete the idea put forth in the previous paragraphs, [4] highlighted that there
is a huge quantity of legacy, enterprise, and operational systems data that is not being
used. The article pointed out that manufacturers are sitting on a goldmine of unexplored
historical, legacy, and operational data from their manufacturing execution systems (MESs)
and enterprise resource planning systems (ERPs), among other software sources, and they
cannot afford to miss out on its unexplored potential. However, only 20–30% of the value
from such available data-at-rest is currently accrued.

This article considered the ideas in the previous paragraphs regarding opportunities
using data models to generate value from them. New business models can be generated to
transform traditional factories toward a smarter and efficient environment, and people on
the shop floor can be empowered by the information these solutions produce.

The authors aimed to go deeper than previous research on the subject [5], and intended
to illustrate the way a new business model based on an AI/ML platform with a No-
Code/Low-Code solution approach can transform a traditional production process. The
value proposal of the new business model is focused on easing the implementation process
in the industrial environment and augmenting industrial operators’ knowledge. The work
begins with brief research conducted in the Scopus scientific database. This first section
highlights concepts regarding data analysis related to the steel industry, and presents
the state of the art in the use of AI/ML in this industrial sector. Then, the startup and
its business model are introduced, and finally, we describe the case at the steel mill, the
solution adopted, and the results achieved.

2. Related Works in Steelmaking

This section presents a brief study of the state of the art in the adoption of AI/ML
in the steel industry. After performing a simple query with “ML” and “steel industry”
as keywords in the Scopus scientific database (performed on 27 August 2021, a total of
99 works regarding the subject were found.

Among the most interesting ones to consider that were related to the case studied
were the works of [6–11].

From the works mentioned in the above paragraph, [6] had a great relevance to the
case presented in this paper, due to the fact that it referred to an ML-based computational
methodology used for improvement in the productivity of the blast furnace at Jindal
Steel and Power Limited (JSPL), India. These improvements took about 18 months, and
were made possible by, among other things, the use of ML employed alongside domain
knowledge of blast furnace specialists.

The authors highlighted the importance of ML methods in improving productivity
and quality in continuous-flow materials processing, such as in a blast furnace, which takes
in various earth ore materials and outputs hot metal.

According to [6], a structured business intelligence platform is the basis for the use of a
statistical data analytics approach, empowered by emerging technologies of AI and ML for
the extraction of hidden knowledge useful for production, cost, and quality optimization.
The steelmaking industry is an open field in which to apply these techniques: the high
availability of data and the necessity to control complex and multiphysics processes meet
the requirements for a successful implementation of a data-driven approach. They showed
this at ABS, Acciaierie Bertoli Safau, Italy, which, together with the expertise of industrial
partners, began using predictive analytics.

Another interesting work is presented by [8] which presents a methodology to con-
tribute with solutions for facing the challenges of data processing and rendering, and
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predictive model design, which have been deployed in a factory of ACERINOX Europa
S.A.U.

The study in [9] at Gerdau Aços Longos SA, Brazil, presented a solution based on ML
to make possible for a billet with a steel grade different than expected to be misplaced and
loaded. The methodology identified the steel of the bar being rolled through the rolling
stand motors as currently used. Using an outlier detection technique, it was possible to
identify patterns in the data for every steel grade, identifying when it did not match the
expected in the simulated data. Currently, the model is working offline, and further testing
will be realized during production to validate the model’s efficiency.

Ref. [10] presented a case of Falkonry’s Operational AI as a novel solution to approach
the challenges of scaling machine learning and AI in manufacturing. This intelligent first
step toward creating machine learning applications is based on a consistent, repeatable,
time-series classification technique that is robust for incomplete and irregular data, engen-
ders expert knowledge capture, and leads to real-time actions to positively affect production.
The paper discussed underlying challenges in the real-time application of Operational AI
in production systems, and presented a real-world case study of how Operational AI was
applied in steel manufacturing at the production scale to predict equipment failure in order
to reduce unexpected downtime.

Finally, [11] addressed the difficulty in applying AI and ML in traditional industries,
mainly for two reasons: (a) it is not really big data, although megabytes are being logged
by the comprehensive automation system of steel plants from thousands of field sensors
every week; and (b) purely data-based model results have a likelihood of some 70 or
80% to deliver the correct result or decision proposal, but this will not deliver an assured
best/optimized control mode for production or quality. Until now, such a likelihood
percentage did not seem sufficient in the business-to-business (B2B) field.

The last two papers were particularly interesting for this work because both referred to
business models using AI/ML to facilitate the adoption of analytics solutions in traditional
industries such as steel production.

3. AI/ML and Considerations of the Process in the Blast Furnace

The study in [12] affirmed that process systems in steelmaking are complex entities,
involving raw materials, products, energy, processes, automated systems, and people. Their
efficient operation involves numerous functions and tasks. A commonly used classification
for process systems includes planning, scheduling, real-time optimization, and control.

More specifically, [6] pointed out that modern blast furnace (BF) processes are influ-
enced by many factors, with quite a few of them interacting with each other. It is fair to
say that the process is immensely complex. While process complexity in modern state-
of-the-art blast furnaces have the positive effect of allowing a higher theoretical limit on
both productivity and quality, but this also lends itself to undesirable chronic patterns of
behavior that become intractable, leading to lower productivity and quality. It is in this
context that machine learning methods become a useful device and a vehicle for discovery.

The complexity of the processes at the blast furnace for steel smelting can be seen
in the work of [13]. This paper presented a mathematical model for blast furnaces. A
three-dimensional unsteady-state model was developed to express the operation behavior
of a blast furnace.

The ML model learned the dynamics of the process to make predictions to anticipate
anomalies or incidents that affected the optimization of the process. Ref. [14] showed
that ML adapted better to changes in processes and facilitated proactivity. The ML model
learned from data to change conditions faster and keep model predictions consistent and
stable, while traditional solutions required many adjustments or more rules, and were
generally reactive.

ML can develop accurate models for a variety of complex problems [15]. In the case of
the blast furnace, very complex chemical and thermodynamic issues arise. ML can model
solutions to a wide variety of problems and fit for greater precision with algorithms.
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4. The Approach with Canvass Analytics Platform

Ref. [5] referred to the business model of Canvass Analytics (CA) [16]. Gradient
Ventures is Google’s AI-focused venture fund [17], which invests in and connects early-
stage startups with resources in artificial intelligence. It was interesting to search in the
portfolio of startups founded and find Canvass Analytics as one of them. This startup,
which aroused interest for this research, developed a business model based on an AI-
powered predictive analytics platform for industrial processes. Its customers include
leading manufacturing and energy companies globally.

Ref. [5] mentioned the startup CA as a leading provider of AI industrial software. Its
patent-pending technology enables industrial companies to accelerate their digitization
strategy by putting AI directly in the hands of plant operators—empowering them with
data-driven insights to improve production processes and optimize assets.

Unlike other solutions, CA empowers process engineers to quickly apply AI data
applications without requiring coding skills. The solution offers prebuilt templates to
minimize coding for process engineers, using a Low-Code/No-Code approach [18].

Then, the value proposal of the CA business model focuses on shortening the adoption
cycle of AI/ML in industrial environments by using prebuilt templates for manufacturing
processes. The platform seven 7 templates: Forecasting, Anomaly Detection, Optimization,
Simulation, Failure Prediction, and Defective Part Prediction. The template to use in each
case depends on the nature of the process and the opportunity to address.

These preconfigured applications allows users to have a model and evaluate results
faster than people in the process. The adoption cycle begins working with the model
offline, fed by data from the historian. In this way, the operators evaluate results and gain
confidence by iterating through multiple experiments. Finally, the model is deployed into
operations, this time ingested with real-time data.

CA provides solution as a service (SaaS) ingesting in its platform, which is cloud-
hosted; data in a data series format from MES; or Industrial Internet of Things (IIoT)
solutions. The AI/ML platform is integrated with the shop floor solutions, and work with
data in real time to provide the predictions to the process operators. A complex issue
for the industrial environment, and a weakness reported by the study in [19]; namely,
cybersecurity, is tackled by hosting the platform at Azure Microsoft Cloud. This cloud
solution also gives the calculation power for the requirement of AI/ML models.

Ref. [4] pointed out that the startup provides a solution that automates the entire data
science process, eliminating consulting data science projects. The CA business model has
accelerated the time to insights 12 times faster than other solutions and approaches. The
solution was developed specifically for the industrial sector.

CA’s platform is being applied across the production process to improve quality,
reduce energy consumption, and reduce waste in raw material processing, steelmaking and
casting, and hot rolling. This has led to greater stability downstream in rolling processes,
leading to more plant throughput, fast sales cycles, and less deterioration of its refractories.
In addition, Canvass AI is being used to control cogeneration boilers to optimize fuel
sources and consumption, optimize energy supply to plant demand, and reduce energy
waste and fuel costs [20].

5. Adoption Case in the Steel Industry

The case examined was the process in the blast furnace of a North American steel
company, where there was a need to optimize the production line by improving the quality
and quantity of performance of the blast furnace. As mentioned before, these are complex
and dynamic processes that generate hundreds of data types with high variability. This
leads to management challenges to maintain consistency of production quality, lower
energy consumption, and use less silicon.

It should be considered that inconsistencies in quality in the casting process generate
excess scrap, rework, and production delays, among other issues. Traditional quality
control was done through samples that were analyzed in a laboratory. The problem with
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this methodology is that if there was an inconsistency, the problem was solved in a reactive
way, when it had already occurred.

On the other hand, it must be considered that the process ran in three eight-hour
shifts, and the operators were different, each with their own criteria for and experience in
the process. Then, its control varied depending on each person. In addition, the smelting
process included a large number of chemical and thermodynamic variables that were very
difficult to monitor and control.

The firm generated real-time data from the production processes through the world-
class MES software, OSI PI from OSIsoft [21]. These data were stored in historian-type
databases.

Solution and Results

To address the improvements in the process, the steel company chose the solution
proposed by Canvass AI with the following objectives:

1. Identify the parameters that influence the maximization of production performance
using process data generated by the OSI PI platform.

2. Predict product quality and performance at different intervals, and use those predic-
tions to adjust control parameters in real time, thus maximizing product quality and
performance.

3. Apply a proactive policy for the resolution of problems and anomalies of the process
based on having advance information about what happens in the casting process.

4. Institutionalize the best practices of the operators and provide those responsible for
the information processes that facilitate decision making.

The solution was adopted after identifying the project objectives mentioned above. A
forecasting template model from the CA platform was chosen to predict process behavior in
advance. This prebuilt configuration was chosen to forecast parameters on currently known
data to understand the impact of the current process variables. This way, it materialized
the Low-Code/No-Code strategy of the original business model proposed by CA.

Then, the historical data was revised according to quantity and quality for the model
to learn from. Then, an exploration and preparation phase was performed to obtain insights
from the data and prepare for modeling. The last step with the historical data was to train
the model and validate the results.

Then, the in-house historian database from OSI PI was integrated through an applica-
tion programming interface (API). In this way, the data from the processes was ingested by
the Canvass AI platform that was hosted in the Azure cloud, through real-time streaming.
The model was productionized, and then real-time predictions began to appear. The results
were monitored, and adjustments were performed. Finally, the model results returned
predictions to facilitate the decisions on changes in the process to allow for its improvement.
Figure 1 shows the seven-step process followed to achieve the results that allowed the
optimization of the processes.

The adoption process took two months until project kick-off in order to have the model
on line ingested with real-time data, and generate predictions to suggest better operation
conditions to the furnace operators. In this period, the people in the process were taught
how to use and understand the information given by the solution, while people from the
platform provider adjusted the model. The validation was done together by the software
engineers and plant operators.

The CA platform made it easy to define the relationships between variables that
significantly affected the production result, such as quantity of silicon added and fuel
consumption. The AI models collaborated to determine which of the control variables had
a positive or negative impact on production quality. By applying ML-reinforced learning
through the forecasting template, the result of the production was predicted in certain duly
specified intervals.
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Historical data were taken from a period of one year, and parameters such as energy
consumption, temperature, and silicon content, among others, were analyzed to generate a
model that allowed the prediction of when the alloy with the highest silicon content should
be conditioned, and when to increase or decrease the furnace temperature. In this way, it
worked proactively, and the furnace operator received information in advance for decision
making.

As a result of using data generated by the MES platform through ML methodology,
the steel firm obtained a competitive advantage by improving processes and achieving
consistency in quality, with silicon content always at a normal range. In addition, by
defining set points in real time for fuel consumption, energy savings were facilitated. The
firm also reduced the percentage of scrap, thus reducing costs and producing higher-quality
steel. There was a triple optimization for the firm: reducing costs, improving customer
services, and improving revenue.

The use of ML methods employed alongside domain knowledge of blast furnace
specialists facilitated a greater knowledge of the process for the people involved that was
augmented continuously. This allowed work on permanent improvements and achieving
better key performance indicators (KPIs) and evolution toward more mature management
systems.

6. Discussion

The case addressed the adoption of a new business model based on AI/ML in a
traditional industrial environment and on the complex steel smelting process in a blast
furnace. The solution came from a startup, and had an advantage over new methodologies
that shortened times and simplified adoption of analytics in the industry. The distinguishing
feature of the approach with respect to other works was the No-Code/Low-Code approach,
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which eased the use of AI/ML by process operators with little math or statistics knowledge,
and shortened adoption times radically.

In line with the above paragraph, change management was simplified toward an agile
approach; the new business model generated results faster and with lower complexity than
traditional analytics solutions. This was because the model proposed by CA is centered
on the end user, the process operator. The No-Code/Low-Code model from the startup
eased time-consuming and risky tasks linked with software development and algorithms.
In this way, the business model proposed in this paper helped to democratize AI/ML
in traditional industries, making the adoption of these types of tools easier for a broad
segment of people.

The improved process was based on predictive analytics aimed at exploiting the huge
treasure of legacy operational data and overcoming some challenges of real-time data
analytics. The potential of the proposed approach is high in traditional industries that have
not benefited from the advancements of Industry 4.0, and in most cases have just started
investigating the potential of data analytics and machine learning for the optimization of
their production processes.

On the other hand, the need for a large amount of operational data is an important
limitation for various traditional industries that are still lagging on digitalization. This
issue is an important weakness of industries that could use data models to improve the
remaining useful life (RUL) of heavy equipment, reduce carbon footprints, and reduce
non-value-adding activities, among other wasted opportunities.

Another point to highlight is the opportunities that the smart manufacturing paradigm
opens to startups and their innovative business models that offer solutions to ease the
adoption of AI/ML in the industry. This case showed how a business model using AI/ML
focused on a No-Code/Low-Code strategy could shorten implementation cycles from
several months (18 as seen in the case of Jindal Steel and Power Limited), to a couple of
months, as shown in the case at the steel firm.

In line with the above paragraph was the solution presented by Falkonry’s Operational
AI in Section 2 of this work to improve equipment maintenance. The case of Falkonry could
be studied thoroughly to broaden the concepts in this paper, and this is being considered
for the next steps in this research.

Future work could also be related to research on cases of business models using AI/ML
applied in traditional industrial sectors that need to optimize the use of resources to move
toward net-zero emissions targets, such as energy or oil and gas, among others.
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