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Enterprises of bread baking sector produce traditional
everyday products and, at the same time, this sector remains
one of the most conservative ones. There are always new
types of raw materials and additives on the market, but new
recipes are developed traditionally based on the results of test
baking. However, a technologically justified solution is not
always optimal regarding nutritional value.

The purpose of this work is consideration of the possi-
bilities and prospects of using elements of artificial intelli-
gence (Al) in bread baking based on examples from other
sectors of the food industry and study the AI’s ability to
analyze and evaluate (categorise) existing recipes of bread
products.

The initial stage of Al use is machine learning (ML), but
today there are no unified electronic databases that can be
used to fulfil the task. We took approved collections of reci-
pes as the basis for filling such databases. In addition, tech-
nologically acceptable variations of the main recipe compo-
nents and their mutual substitution were carried out. The base
was analyzed using Microsoft Azure Machine Learning
service and Google Cloud Machine Learning Engine.

Normalised database with 5,000 variants of recipes of
bakery products that can be manufactured in conditions of
both large industrial companies and small bakeries were crea-
ted. The ML showed that the system effectively determines
the main components of recipes and can independently, with
high accuracy, classify recipes entered by the user into cate-
gories "bread" or "enriched bread".

The work showed the possibility and viability of using Al
elements in the baking industry. The database can be used to
design new bakery products with specified recipe composi-
tion and (after improvement) to model applications with spe-
cified chemical composition or biological value.

DOI: 10.24263/2225-2924-2023-29-2-17

Scientific Works of NUFT 2023. Volume 29, Issue 2

181




FOOD TECHNOLOGY

NMEPCNEKTUBUN BUKOPUCTAHHA ENEMEHTIB
WTYYHOIO IHTENEKTY B XJNIIBOMNEYEHHI

B. M. Maxunbko, JI. B. MaxuHbKO
Hayionanvnuii ynisepcumem xapuosux mexuonoeitl
O. M. Kosup

Baking Enzymes, Lallemand

Xnibonexkapcvka eany3ssb, 6UNRYCKAOYU NPOOYKMU MPAOUYitiHo20 NOBCAKOEHHO20
BIICUBAHHS, BOOHOUAC € OOHIEI0 3 HAUOIbUL KOHCcepsamugHux. Ha punky nocmitino
3’A671A10MbCA HOBI BUOU CUPOBUHU MA 000ABOK, ale PO3PODIIeHHs HOBUX peyenmyp
8i00y8aEMbC MPAOUYIUHUM CNOCOOOM 3a pe3yTbmamamu npooHux eunikaus. Ilpu
YbOMY MEXHONO02IYHO BUNPABOAHE DIULeHHS He 3a8XHCOU € ONMUMANbHUM 3 NO3UYil
xapuoeoi yinnocmi (i Hagnaxu).

Y ecmammi poszensnymo modxciugocmi ma nepcneKmusu 6UKOPUCMAHHSL eleMeH-
mie wmyunozo inmenexmy (L) 6 xniboneyenui Ha npuxnadi iHWUX eany3ell Xap-
40801 npomuciogocmi, eusueHo cnpomoxcnocmi LI 0o ananizy ma oyinroeanus
(kamezopu3zayii) 8dice ICHYIOUUX peyenmyp XHiOHUX UpoOis.

IHouamxkosum emanom suxopucmanns LI € nposedennss MauuHHO20 HABUAHHSA
(MH), ane na cb0200Hi 6i0cymHi yHigiko8aHi enekmpoHHI 6a3u OAHUX, WO MONCYIb
Oymu 8UKOpUCMAHi O 8UPIULEHHSI NOCMABIEHO20 3A80aHHA. 3a OCHO8Y 074 ix
HanoeHeHHs: OYN0 83amMo 3ameepodceHi 30ipHuxu peyenmyp. [ooamkoso nposenu
MEXHONO2IUHO OONYyCmuMe 8ApIit08AHHS OCHOBHUX PeyenmypHUX KOMNOHeHmie ma ix
83aemosaminy. Ananiz cmeopenoi basu 30iticHiosanu 3a donomozoro Microsoft Azure
Machine Learning ma Google Cloud Machine Learning Engine.

Cmeopeno enekmpoHny HOpmanizosany 0azy 3 Oau3bko 5 muc. eapianmis pe-
yenmyp xni000yI0UHUX BUPODIE, UJO MOHCYMb BULOMOGISAMUCS 8 YMOBAX K BEIUKUX
NPOMUCTIOBUX NiONpueMcms, mak i nexkapenv. Peszynomamu MH noxazanu, wo
cucmema epekmugHo 8UHAYAE OCHOBHI KOMNOHEHMU peyenmypu, d MaKkotc 30am-
HA camoCmiliHO 3 GUCOKOI0 MOYHICIMIO KIACUDIKYBAmMU 86€0eH] KOPUCMY8adeM pe-
yenmypu 3a Kamez2opisimu «Xnio» yu «3000Hi 6UpoOU».

Ilokazano mooxciugicme i nepcnekmugHicms UKopucmanHs eiremenmie LI y
xnibonexapcukiil eanyszi. Cmeopena 6asa modice 6ymu euKOpucmana 0 NPOEKMmMy-
8AHHS HOBUX XN1IOOOYI0UHUX BUPODIE i3 3a0AHUM peyenmypHUM CKIA0OM, d MAKOAIC
(nicns Ooonpayroeans) — 0isi MOOETIOBAHHS 8UPODIB, WO MAMUMYMb 3A0AHUU Xi-
MIYHUL CKAA0 YU Oi0N02IUHY YIHHICTMDb.

Knrouoei cnoea: xnio, npoekmyeants peyenmyp, wimyyHuil inmenekm, MauuHHe
HAaBYaHH3l, X1IOONEKAPCLKA NPOMUCTOBICMb.

Formulation of the problem. Food crisis is becoming a reality due to global changes
in recent years: growth of Earth’s population, recurrent epidemics and pandemics,
military conflicts, and full-scale wars.

This situation requires new solutions at all stages of the food security — from
planning and solving agricultural tasks minimizing the amount of food waste or
designing mechanisms for its recycling. Extensive development that envisages only
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growth of planted areas and increased capacities of various branches of the food industry
is impossible in current conditions and inexpedient considering existing technologies
and means of production. So, methods to improve the intensity of food production,
particularly by using various computer technologies, are being searched for. One of the
most promising solutions in this area is the involvement of artificial intelligence (Al).

Analysis of recent research and publications. The basis of Al is the development
of instrumental and software solutions to copy or simulate the behavior of human
intellect. Development of this industry began in the middle of the last century. Initially,
the goal was only to model the process of human learning and thinking. However, it was
later found that Al can be learned in ways other than humans e.g. through classification
of well-structured, specific and large datasets of tabular, text or visual information. This
finally pushed the development of an essential component of Al — machine learning
(ML), which analyzes and generalizes data sets and establishes specific dependencies,
with the possibility of future predicting or generation of new elements of this set. The
result was an autonomously functioning system that can fulfil tasks in a variety of
industries and spheres of modern life (Chidinma-Mary-Agbai, 2020; Kumar, Rawat,
Mohd, & Husain, 2021; Matthew, Omobayode, & Sarhan, 2020):

- Natural Language Processing — statistical and semantic analysis of natural
languages to gain the ability to recognize language and analyze the received text, with
its subsequent translation into other languages or forms of representation;

- Computer Vision — obtaining, recording, and analyzing visual information for its
classification or use in automation systems (for example, object recognition and sorting,
autonomous navigation, etc.);

- Robotics — the possibility to reproduce human actions with greater speed/accuracy,
especially in spheres with a significant number of monotonous, repetitive operations;

- Data Mining — analysis of large data sets (including updatable) for both accumu-
lation of statistical data, and establishment of hidden patterns that can be unnoticeable
for human analysis.

Most of these tasks are solved at various stages of the food products creation, so as
the availability of Al tools increases, so do the options for its application in agriculture
and the food industry (Fisher, 2016; Jermsurawong, & Habash, 2015; Steluti, Junior &
Marchioni, 2020). Without dwelling on the first stages, there were noted such compelling
examples of Al use as satellite monitoring of planted areas' condition, the presence of
the need for irrigation or use of means of plant protection, mapping of yield, and even
cow care (Soltani-Fesaghandis, & Pooya, 2018; Kakani, Nguyen, Kumar, Kim, &
Pasupuleti, 2020).The next stage where Al can be used is the analysis of harvested crops,
with an assessment of the degree of their damage by pests, mechanical damage, the
presence of dirt, pollution, or foreign impurities. A combination of Computer Vision and
Robotics elements can significantly speed up the product sorting process, reducing the
volume of low-skilled manual labor while simultaneously accumulating analytical
information for further interaction with suppliers (Fisher, 2016; Jermsak, & Nizar, 2015;
Steluti, Junior, & Marchioni, 2020). As for food industry companies, Al systems can be
used there to analyze the sanitary condition of equipment (optical and ultrasonic
detection of dirt and pollution) and to monitor workers’ compliance with personal
hygiene requirements at the workplace (Soltani-Fesaghandis, & Pooya, 2018; Vijay, Van
Huan, Basivi, Hakil, & Visweswara, 2020).
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In conditions of a highly competitive medium, one of the most promising spheres of
Al use in the food industry is the study of market consumer preferences. After all, it is
known that only 20% of all novelties can gain a foothold on the market for sufficient
time to compensate for their development’s organizational and technological costs
incurred. The 80% losses can be minimized by conducting various online and offline
surveys, with subsequent processing of results obtained by Al methods. The outcome
will ensure modelling consumer taste preferences and predicting their reaction to a new
product (Carlos, 2018; Jabeen, Nargis, & Lehmann, 2019; O’Brien, & Rivas, 2019;
Guiné, 2019).

The final link of this technological chain where Al can be used is designing new
recipes. The review of scientific sources shows the existence of theoretical justification
and practical developments in creating new culinary dishes and even composing a whole
menu. At the same time, in the confectionery industry, Al is proposed to be used only to
predict and model cookie recipes (Kicherer, Dittrich, Grebe, Scheible, & Klinger, 2018;
Miiller, & Bergmann, 2017; Ohene, 2017). There was found no information on the
design of recipes of bakery products using Al that can be manufactured both in
conditions of large industrial companies and small bakeries.

The study of the possibility of creating new bread product recipes using Al elements
has scientific and practical value.

There are no such works yet, which has led to the need for the creation of an initial
(recipe) database to carry out the ML process. Today, such databases can be created by
exporting (parsing) recipes from open sources (in particular, from various culinary or
relevant websites) or by manually entering data. The first method has clear advantages
and such main disadvantages as the inability of checking the data obtained and the lack
of unification in their presentation (for example, various dimensions of recipe com-
ponents dosage values). So, while being practical for the initial filling of recipe database,
such sources require considerable technological analysis and improvement later.

The purpose of the research is to create a database for ML based on officially
approved collections of recipes used by large industrial companies, small bakeries, and
public catering facilities.

Materials and methods All bakery product recipe groups were divided into two
classes (the minimum number to ensure the possibility of classifying systems by ML
methods). The first class included bread itself, made of wheat or rye flour or their
mixture, as well as rolls and buns. The second class included enriched bread with recipes
containing mostly highest- or first-quality wheat flour and a considerable amount of
sugar and fat. It was also decided not to include special-purpose products (for patients
with diabetes mellitus, coeliac disease, phenylketonuria, renal failure, etc.) and products
with non-traditional recipe components. These applications have insignificant share in
the total mass of recipes that will not considerably affect the ML process.

Analysis of open sources (collections of recipes issued in different years) showed that
they have a maximum of 400 recipe compositions of traditional bakery products, which
is not enough to carry out the ML process. At the same time, it was noted that recipes of
some products differ only in a slight change in amounts of certain recipe components
(for example, yeast or salt), which are within technologically acceptable limits. This way
allows the creation of new recipes based on existing ones.
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So, it was decided to expand the database for ML based on traditional recipes by
variation of the main recipe components (as a percentage of flour mass in basic recipes):

- compressed yeast + 0.5%;

- table salt + 0.3%;

- the wheat and rye flour ratio for bread-type products based on their mix ranges from
40:60 to 60:40 with a 10% step (for recipes that allow a wider variation — from 20:80
to 80:20).

The possibility of mutual substitution of raw materials was also considered. Recipes
containing either native or powdered milk that was allowed by regulatory documentation
were created. Additionally, for all recipes containing compressed yeast, new formu-
lations were created in parallel with their replacement by dry (instant) yeast in a ratio of
3:1. For products with rye and rye-wheat flours with the use of sourdough, it was decided
to introduce 2...5% of dry sourdough powder (depending on the amount of rye flour in
the base recipes), with its variation step of + 0.5%, for use in conditions of discrete dough
preparation. In addition, traditional recipes' collections do not give the amount of water
needed for dough preparation. Therefore, it should be calculated depending on the
moisture content in the final product. It was then decided to use this factor to increase
the number of recipe options: the calculated moisture content value varied within + 1%.

Results and discussion. Abovementioned introduction of the chosen solutions
allowed to increase the total number of recipes in the database for ML from 400 to almost
6 thousand (over 4 thousand recipes of bakery products that could be classified as
"Bread" and almost 2 thousand recipes of "Enriched bread" type of application). Recipes
were normalized before the use: the sum of recipe components was reduced to 1, with a
recalculation of their ratio, respectively (fig. 1).

The created recipe database was analyzed on the Microsoft Azure Machine Learning
and Google Cloud Machine Learning Engine platforms. For training, the typical settings
were used to divide the created data set into three groups: a training set (80% of the total
data), a validation set (10%) and a testing set (10%). All the data array was pre-
randomized using a random number generator.

Both ML instruments showed approximately the same efficiency in terms of
determining the feature importance of the recipe’s components (fig. 2), and in terms of
the ability to classify new recipes (referring them to the categories of "bread" or
"enriched bread"). It is certain (fig. 2) that the level of particular ingredients in the
formulation impacts product classification and the model has been correctly identifying
those ingredients. These results are well aligned with industry standards and baker’s
classification of the final product.

The score threshold (S.T.) for the proposed model was set at the level of 95%. This
means that the model category classification will be considered as positive if the
accuracy of the prediction achieves 95% or higher. As it can be seen (fig. 3), the share
of correct classification predictions created by the model ("Accuracy") for both product
groups does not decline below 96%, and the share of correct positive predictions created
by the model ("Precision") is 100%.
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A (o] D K IE M N BL
Application | Wheat flour, Rye flour, |Yeast, baker's,| Yeast,| Salt, |Sourdough,|Water, tap,
breadmaking bolted compressed | dried | table |Rye, Bocker| drinking,
(extraction rate | (extraction 350 average
1 75%) rate 85 %) values
52202 Bread 0.3986 0.1708 0.0140 0.0000 0.0090 0.0100 0.3976
5003 Bread 0.4006 0.1718 0.0110 0.0000 0.0070  0.0100 0.3996
5004 Bread 0.4000 0.1710 0.0110 0.0000 0.0090 0.0100 0.3990
5205 Bread 0.3994 0.1712 0.0110 0.0000 0.0100 0.0100 0.3984
5006 Bread 0.3980 0.1710 0.0170 0.0000 0.0070 0.0100 0.3970
5227 Bread 0.3976 0.1698 0.0170 0.0000 0.0090 0.0100 0.3966
5708 Bread 0.3970 0.1700 0.0170 0.0000 0.0100 0.0100 0.3960
5229 Bread 0.3990 0.1710 0.0140 0.0000 0.0070 0.0100 0.3990
5030 Bread 0.3980 0.1710 0.0140 0.0000 0.0100  0.0100 0.3970
5231_ Bread 0.3986 0.1708 0.0000 0.0040 0.0070 0.0100 0.4096
50232 Bread 0.3972 0.1707 0.0000 0.0050 0.0090 0.0100 0.4082
5233 Bread 0.3970 0.1700 0.0000 0.0060 0.0100 0.0100 0.4070
5234 Bread 0.3964 0.1702 0.0140 0.0000 0.0080 0.0130 0.3984
5235 Bread 0.3980 0.1710 0.0110 0.0000 0.0070 0.0130 0.4000
5236 Bread 0.3974 0.1702 0.0110 0.0000 0.0090 0.0130 0.3994
5237 Bread 0.3970 0.1700 0.0110 0.0000 0.0100 0.0130 0.3990
5233_ Bread 0.3956 0.1698 0.0170 0.0000 0.0070 0.0130 0.3976
5039 Bread 0.3954 0.1692 0.0170 0.0000 0.0080  0.0130 0.3974
5040 Bread 0.3944 0.1692 0.0170 0.0000 0.0100 0.0130 0.3964
5041 Bread 0.3970 0.1700 0.0140 0.0000 0.0070 0.0130 0.3990
%27 Bread 0.3956 0.1698 0.0140 0.0000 0.0100 0.0130 0.3976
Fig. 1. Example of a normalized recipe
0.8284 0.900
B Sugar, Caster
B Margarine, 80%
Water 0.675
m Butter, No Salt
" Eges 0.450
0.225
0.000
Feature importance
Fig. 2. Feature importance of the recipe ingredients
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Bread @ Enriched Bread

Score threshold ————————— 0.95 Score threshold ————@) 0.95

F1 score (2} 0.984 F1 score o 0.952

Accuracy @ 97.9% (617/630)  Accuracy @ 96.8% (610/630)
Precision @ 100.0% (400/400)  Precision @ 100.0% (197/197)

True positive rate (Recall) @ 96.9% (400/413) True positive rate (Recall) @ 90.8% (197/217)
False positive rate @ 0.000 (0/217) False positive rate @ 0.000 (0/413)

Fig. 3. Model evaluation summary of both application categories

At the same time, the share of real positive results for bread reaches almost 97%, and
for enriched bread — almost 91%.

Conclusions

Analysis the model evaluation outcome allows to conclude that the process of
preparing the database and the ML is considered to be carried out correctly based on the
following:

Feature importance of the recipe ingredients has been identified correctly with fat and
sugar level being the key factors that impacts the classification of the final application.
Within Ukrainian regulation, if the total level of sugar and fat is higher than 14%, the
application should be classified as "Enriched bread".

There are no false positive cases meaning that the model managed to correctly
characterize each recipe and assign a category to it.

True positive rate (recall) is higher than 90% overall between 2 application categories
proving that only 10% or less of the positive class were predicted with lower than 95%
accuracy.

100% precision across both types of the application underline that all classified
recipes with the S.T. >0.95 were done correctly.

The overall F1 score is >0.95 (as a harmonic mean of Precision and Recall) confirms
that the obtained model, performs correct product classification with high achieved
accuracy, despite learning on the unevenly distributed dataset.

Thus, it can be stated that the model is ready for further use in the development of
bakery related Al systems. The simplest option can be generation of new recipes based
on raw material specified by the user and technologically acceptable limits of their
introduction. It will also be possible to select recipe components to create products with
a specified chemical composition or a specific biological value. However, this will
require connecting existing databases of the chemical composition of raw materials to
the created system and taking into account changes in the product's main components
during the technological process. Such work is planned for the future and will be covered
in further publications.
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