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NAS RK is pleased to announce that News of NAS RK. Series of geology and technical sciences 
scientific journal has been accepted for indexing in the Emerging Sources Citation Index, a new 
edition of Web of Science. Content in this index is under consideration by Clarivate Analytics 
to be accepted in the Science Citation Index Expanded, the Social Sciences Citation Index, and 
the Arts & Humanities Citation Index. The quality and depth of content Web of Science offers to 
researchers, authors, publishers, and institutions sets it apart from other research databases. The 
inclusion of News of NAS RK. Series of geology and technical sciences in the Emerging Sources 
Citation Index demonstrates our dedication to providing the most relevant and influential content 
of geology and engineering sciences to our community.

Қазақстан Республикасы Ұлттық ғылым академиясы «ҚР ҰҒА Хабарлары. Геология және 
техникалық ғылымдар сериясы» ғылыми журналының Web of Science-тің жаңаланған 
нұсқасы Emerging Sources Citation Index-те индекстелуге қабылданғанын хабарлайды. 
Бұл индекстелу барысында Clarivate Analytics компаниясы журналды одан әрі the Science 
Citation Index Expanded, the Social Sciences Citation Index және the Arts & Humanities 
Citation Index-ке қабылдау мәселесін қарастыруда. Webof Science зерттеушілер, 
авторлар, баспашылар мен мекемелерге контент тереңдігі мен сапасын ұсынады. ҚР 
ҰҒА Хабарлары. Геология және техникалық ғылымдар сериясы Emerging Sources Citation 
Index-ке енуі біздің қоғамдастық үшін ең өзекті және беделді геология және техникалық 
ғылымдар бойынша контентке адалдығымызды білдіреді.

НАН РК сообщает, что научный журнал «Известия НАН РК. Серия геологии и технических 
наук» был принят для индексирования в Emerging Sources Citation Index, обновленной версии 
Web of Science. Содержание в этом индексировании находится в стадии рассмотрения 
компанией Clarivate Analytics для дальнейшего принятия журнала в the Science Citation 
Index Expanded, the Social Sciences Citation Index и the Arts & Humanities Citation Index. 
Web of Science предлагает качество и глубину контента для исследователей, авторов, 
издателей и учреждений. Включение Известия НАН РК. Серия геологии и технических 
наук в Emerging Sources Citation Index демонстрирует нашу приверженность к наиболее 
актуальному и влиятельному контенту по геологии и техническим наукам для нашего 
сообщества.
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ЧФ «ХАЛЫҚ»

В 2016 году для развития и улучшения качества жизни казахстанцев был 
создан частный Благотворительный фонд «Халык». За годы своей деятельности 
на реализацию благотворительных проектов в областях образования и науки, 
социальной защиты, культуры, здравоохранения и спорта, Фонд выделил более 
45 миллиардов тенге.

 Особое внимание Благотворительный фонд «Халык» уделяет образовательным 
программам, считая это направление одним из ключевых в своей деятельности. 
Оказывая поддержку отечественному образованию, Фонд вносит свой посильный 
вклад в развитие качественного образования в Казахстане. Тем самым способствуя 
росту числа людей, способных менять жизнь в стране к лучшему – профессионалов 
в различных сферах, потенциальных лидеров и «великих умов». Одной из 
значимых инициатив фонда «Халык» в образовательной сфере стал проект 
Ozgeris powered by Halyk Fund – первый в стране бизнес-инкубатор для учащихся 
9-11 классов, который помогает развивать необходимые в современном мире 
предпринимательские навыки. Так, на содействие малому бизнесу школьников 
было выделено более 200 грантов. Для поддержки талантливых и мотивированных 
детей Фонд неоднократно выделял гранты на обучение в Международной школе 
«Мирас» и в Astana IT University, а также помог казахстанским школьникам 
принять участие в престижном конкурсе «USTEM Robotics» в США. Авторские 
работы в рамках проекта «Тәлімгер», которому Фонд оказал поддержку, легли в 
основу учебной программы, учебников и учебно-методических книг по предмету 
«Основы предпринимательства и бизнеса», преподаваемого в 10-11 классах 
казахстанских школ и колледжей. 

  Помимо помощи школьникам, учащимся колледжей и студентам Фонд 
считает важным внести свой вклад в повышение квалификации педагогов, 
совершенствование их знаний и навыков, поскольку именно они являются 
проводниками знаний будущих поколений казахстанцев. При поддержке Фонда 
«Халык» в южной столице был организован ежегодный городской конкурс 
педагогов «Almaty Digital Ustaz. 

  Важной инициативой стал реализуемый проект по обучению основам 
финансовой грамотности преподавателей из восьми областей Казахстана, что 
должно оказать существенное влияние на воспитание финансовой грамотности и 
предпринимательского мышления у нового поколения граждан страны. 

 Необходимую помощь Фонд «Халык» оказывает и тем, кто особенно остро 
в ней нуждается. В рамках социальной защиты населения активно проводится 
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работа по поддержке детей, оставшихся без родителей, детей и взрослых из 
социально уязвимых слоев населения, людей с ограниченными возможностями, а 
также обеспечению нуждающихся социальным жильем, строительству социально 
важных объектов, таких как детские сады, детские площадки и физкультурно-
оздоровительные комплексы. 

  В копилку добрых дел Фонда «Халык» можно добавить оказание помощи 
детскому спорту, куда относится поддержка в развитии детского футбола и карате 
в нашей стране. Жизненно важную помощь Благотворительный фонд «Халык» 
оказал нашим соотечественникам во время  недавней пандемии COVID-19. Тогда, 
в разгар тяжелой борьбы с коронавирусной инфекцией Фонд выделил свыше 11 
миллиардов тенге на приобретение необходимого медицинского оборудования 
и дорогостоящих медицинских препаратов, автомобилей скорой медицинской 
помощи и средств защиты, адресную материальную помощь социально уязвимым 
слоям населения и денежные выплаты медицинским работникам.

В 2023 году наряду с другими проектами, нацеленными на повышение 
благосостояния казахстанских граждан Фонд решил уделить особое внимание 
науке, поскольку она является частью общественной культуры, а уровень ее 
развития определяет уровень развития государства. 

Поддержка Фондом выпуска журналов Национальной Академии наук 
Республики Казахстан, которые входят в международные фонды Scopus и 
Wos и в которых публикуются статьи отечественных ученых, докторантов и 
магистрантов, а также научных сотрудников высших учебных заведений и 
научно-исследовательских институтов нашей страны является не менее значимым 
вкладом Фонда в развитие казахстанского общества.

С уважением, 
Благотворительный Фонд «Халык»!
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29.07.2020 ж. берілген № KZ39VPY00025420 мерзімдік басылым тіркеуіне қойылу туралы куәлік.
Тақырыптық бағыты: геология, мұнай және газды өңдеудің химиялық технологиялары, мұнай 
химиясы, металдарды алу және олардың қосындыларының технологиясы.
Мерзімділігі: жылына 6 рет. 
Тиражы: 300 дана.
Редакцияның мекен-жайы:  050010, Алматы қ., Шевченко көш., 28, 219 бөл., тел.: 272-13-19
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© «Қазақстан Республикасының Ұлттық ғылым академиясы» РҚБ, 2023

Бас редактор
ЖҰРЫНОВ Мұрат Жұрынұлы, химия ғылымдарының докторы, профессор, ҚР ҰҒА академигі, 

«Қазақстан Республикасы Ұлттық ғылым академиясы» РҚБ-нің президенті, АҚ «Д.В.  Сокольский 
атындағы отын, катализ және электрохимия институтының» бас директоры (Алматы, Қазақстан)              
H = 4

Ғылыми хатшы
АБСАДЫКОВ Бахыт Нарикбайұлы,  техника ғылымдарының докторы, профессор, ҚР ҰҒА 

жауапты хатшысы, А.Б. Бектұров атындағы химия ғылымдары институты (Алматы, Қазақстан) H = 5
Р е д а к ц и я л ы қ  а л қ а:

ӘБСАМЕТОВ Мәліс Құдысұлы  (бас редактордың орынбасары), геология-минералогия 
ғылымдарының докторы, профессор, ҚР ҰҒА академигі, «У.М. Ахмедсафина атындағы 
гидрогеология және геоэкология институтының» директоры (Алматы, Қазақстан) H = 2

ЖОЛТАЕВ Герой Жолтайұлы  (бас редактордың орынбасары), геология-минералогия 
ғылымдарының докторы, профессор, Қ.И. Сатпаев тындағы геология ғылымдары институтының 
директоры (Алматы, Қазақстан) Н=2

СНОУ Дэниел, Рһ.D, қауымдастырылған профессор, Небраска университетінің Су ғылымдары 
зертханасының директоры (Небраска штаты, АҚШ) H = 32

ЗЕЛЬТМАН Реймар, Рһ.D, табиғи тарих мұражайының Жер туралы ғылымдар бөлімінде 
петрология және пайдалы қазбалар кен орындары саласындағы зерттеулердің жетекшісі (Лондон, 
Англия) H = 37

ПАНФИЛОВ Михаил Борисович,  техника ғылымдарының докторы, Нанси университетінің 
профессоры (Нанси, Франция) Н=15

ШЕН Пин, Рһ.D, Қытай геологиялық қоғамының тау геологиясы комитеті директорының орын
басары, Американдық экономикалық геологтар қауымдастығының мүшесі (Пекин, Қытай) H = 25

ФИШЕР Аксель, Ph.D, Дрезден техникалық университетінің қауымдастырылған профессоры 
(Дрезден, Берлин) Н = 6

КОНТОРОВИЧ Алексей Эмильевич,  геология-минералогия ғылымдарының докторы, 
профессор, РҒА академигі, А.А. Трофимука атындағы мұнай-газ геологиясы және геофизика 
институты (Новосибирск, Ресей) H = 19

АГАБЕКОВ Владимир Енокович, химия ғылымдарының докторы, Беларусь ҰҒА академигі, 
Жаңа материалдар химиясы институтының құрметті директоры (Минск, Беларусь) H = 13

КАТАЛИН Стефан, Рһ.D, Дрезден техникалық университетінің қауымдастырылған профессоры 
(Дрезден, Берлин) H = 20

СЕЙТМҰРАТОВА Элеонора Юсуповна, геология-минералогия ғылымдарының докторы, 
профессор, ҚР ҰҒА корреспондент-мүшесі, Қ.И. Сатпаев атындағы Геология ғылымдары институты 
зертханасының меңгерушісі (Алматы, Қазақстан) Н=11

САҒЫНТАЕВ Жанай, Ph.D, қауымдастырылған профессор, Назарбаев университеті (Нұр-
Сұлтан, Қазақстан) H = 11

ФРАТТИНИ Паоло, Рһ.D, Бикокк Милан университеті қауымдастырылған профессоры (Милан, 
Италия) H = 28
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Главный редактор
ЖУРИНОВ Мурат Журинович,  доктор химических наук, профессор, академик НАН РК, 

президент РОО «Национальной академии наук Республики Казахстан», генеральный директор АО 
«Институт топлива, катализа и электрохимии им. Д.В. Сокольского» (Алматы, Казахстан) H = 4

Ученный секретарь
АБСАДЫКОВ Бахыт Нарикбаевич,  доктор технических наук, профессор, ответственный 

секретарь НАН РК, Институт химических наук им. А.Б. Бектурова (Алматы, Казахстан) H = 5
Р е д а к ц и о н н а я  к о л л е г и я:

АБСАМЕТОВ Малис Кудысович, (заместитель главного редактора), доктор геологоминерало
гических наук, профессор, академик НАН РК, директор Института гидрогеологии и геоэкологии им. 
У.М. Ахмедсафина (Алматы, Казахстан) H = 2

ЖОЛТАЕВ Герой Жолтаевич,  (заместитель главного редактора), доктор геологоминерало
гических наук, профессор, директор Института геологических наук им. К.И. Сатпаева (Алматы, 
Казахстан) Н=2

СНОУ Дэниел, Ph.D, ассоциированный профессор, директор Лаборатории водных наук универ
ситета Небраски (штат Небраска, США) H = 32

ЗЕЛЬТМАН Реймар, Ph.D, руководитель исследований в области петрологии и месторождений 
полезных ископаемых в Отделе наук о Земле Музея естественной истории (Лондон, Англия) H = 37

ПАНФИЛОВ Михаил Борисович, доктор технических наук, профессор Университета Нанси 
(Нанси, Франция) Н=15

ШЕН Пин, Ph.D, заместитель директора Комитета по горной геологии Китайского геологического 
общества, член Американской ассоциации экономических геологов (Пекин, Китай) H = 25

ФИШЕР Аксель,  ассоциированный профессор, Ph.D, технический университет Дрезден 
(Дрезден, Берлин) H = 6

КОНТОРОВИЧ Алексей Эмильевич,  доктор геолого-минералогических наук, профессор, 
академик РАН, Институт нефтегазовой геологии и геофизики им. А.А. Трофимука СО РАН 
(Новосибирск, Россия) H = 19

АГАБЕКОВ Владимир Енокович, доктор химических наук, академик НАН Беларуси, почетный 
директор Института химии новых материалов (Минск, Беларусь) H = 13

КАТАЛИН Стефан, Ph.D, ассоциированный профессор, Технический университет (Дрезден, 
Берлин) H = 20

СЕЙТМУРАТОВА Элеонора Юсуповна, доктор геолого-минералогических наук, профессор, 
член-корреспондент НАН РК, заведующая лаборатории Института геологических наук им. К.И. 
Сатпаева (Алматы, Казахстан) Н=11

САГИНТАЕВ Жанай, Ph.D, ассоциированный профессор, Назарбаев университет (Нурсултан, 
Казахстан) H = 11

ФРАТТИНИ Паоло, Ph.D, ассоциированный профессор, Миланский университет Бикокк 
(Милан, Италия) H = 28
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Abstract. Absolute permeability is an important transport property of a porous
medium that requires determination on special equipment, so its determination is an 
important task. This article examines the effectiveness of machine learning regression 
algorithms for predicting the absolute permeability of various rocks. The performance of 
algorithms such as Random Forest, Gradient Boosting, Support Vector, Lasso, k-Nearest 
Neighbors, and Gaussian Process was compared based on data set of 266 sub-samples 
of carbonate and sand rocks, as well as artificial sand packing. Properties of each sub-
sample such as pore radius, pore throat radius, coordination number, porosity, specific 
surface area, tortuosity and absolute permeability are extracted using pore-network 
simulation of the single-phase fluid flow through each sub-sample. The influence of the 
training/testing data subset (70/30 and 80/20) and the number of features of input data 
set on the performance of each of the above algorithms was investigated. The results 
showed that for the considered data set, the Random Forest algorithm was the most 
suitable for predicting absolute permeability with high accuracy. The highest predictive 
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accuracy was R2=0.83, and it was obtained using 5 out of 6 features of input dataset. 
The Gradient Boosting algorithm also showed good predictive ability for absolute 
permeability, although it chose almost one feature (porosity) as important. Its highest 
accuracy was R2=0.73 at 80/20. The results of the study also showed that all algorithms 
except Random Forest predicted significantly higher minimum permeabilities. Also, 
all algorithms, except of Support Vector and k-Nearest Neighbors, predicted the mean 
permeability with the minimal errors.

Keywords: machine learning, permeability prediction, microcomputed tomography, 
sub-sample, pore-scale modeling
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ӘРТҮРЛІ ТАУ ЖЫНЫСЫНЫҢ ДЕРЕКТЕРІ НЕГІЗІНДЕ МАШИНАЛЫҚ 
ОҚУ АЛГОРИТМДЕРІНІҢ ТИІМДІЛІГІН ЗЕРТТЕУ

Аннотация. Абсолютті өткізгіштік арнайы жабдық көмегімен анықталатын 
кеуекті ортаның маңызды тасымалдау қасиеті, сондықтан оны анықтау маңызды 
мәселе болып табылады. Бұл мақалада әртүрлі тау жыныстарының абсолютті 
өткізгіштігін болжау үшін машиналық оқытудың регрессиялық алгоритмдерінің 
тиімділігі қарастырылады. Random Forest, Gradient Boosting, Support Vector, Lasso, 
k-Nearest Neighbors және Gaussian Process сияқты алгоритмдердің өнімділігі 
карбонатты және құмды жыныстардың, сондай-ақ жасанды құмды орамның 
266 мини-үлгілерінің деректері негізінде салыстырылды. Осы мини-үлгілердің 
әрқайсысының кеуек радиусы, кеуек мойнының радиусы, координациялық 
саны, кеуектілігі, бетінің меншікті ауданы, бұралу және абсолютті өткізгіштігі 
сияқты қасиеттері бір фазалы сұйық ағынын кеуекті-желілік модельдеу арқылы 
алынды. әрбір шағын үлгі арқылы. Оқытушы және сынақтаушы деректер жинағы 
арақатынасының (70/30 және 80/20) және деректер жиынындағы белгілер санының 
жоғарыда аталған алгоритмдердің әрқайсысының өнімділігіне әсері зерттелді. 
Нәтижелер қарастырылған деректер жиыны үшін жоғары сенімділікпен абсолютті 
өткізгіштікті болжауға ең қолайлы Random Forest алгоритмі екенін көрсетті. 
Болжамның ең жоғары сенімділік коэффициенті R2=0.83 құрады және ол деректер 
жиынындағы 6 белгінің 5-ін пайдалану нәтижесінде алынды. Gradient Boosting 
алгоритмі де абсолютті өткізгіштікті жақсы болжау қабілетін көрсетті, дегенмен 
ол бір ғана дерлік белгіні (кеуектілікті) маңызды деп таңдады. Оның болжауының 
ең жоғарғы сенімділік коэффициенті R2=0.73 құрады және ол 80/20 үшін алынды. 
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Зерттеу нәтижелері сонымен қатар Random Forest басқа барлық алгоритмдер 
айтарлықтай жоғары минималды өткізгіштіктерді болжағанын көрсетті. Сондай-
ақ Support Vector және k-Nearest Neighbors басқа барлық алгоритмдер орташа 
өткізгіштікті ең аз қателікпен болжады.

Түйін сөздер: машиналық оқыту, өткізгіштікті болжау, микрокомпьютерлік 
томография, мини-үлгілер, кеуекті масштабта модельдеу
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ИССЛЕДОВАНИЕ ЭФФЕКТИВНОСТИ АЛГОРИТМОВ МАШИННОГО 
ОБУЧЕНИЯ НА ОСНОВЕ ДАННЫХ РАЗЛИЧНЫХ ГОРНЫХ ПОРОД

Аннотация. Абсолютная проницаемость является важным транспортным 
свойством пористой среды, требующая определение на специальных 
оборудованиях, поэтому ее определение является актуальной задачей. В настоящей 
статье изучается эффективность регрессионных алгоритмов машинного обучения 
для прогнозирования абсолютной проницаемости различных пород. Сравнены 
производительности таких алгоритмов как Random Forest, Gradient Boosting, 
Support Vector, Lasso, k-Nearest Neighbors и Gaussian Process на основе данных 266 
мини-образцов карбонатных и песчаных пород, а также исскуственной песчаной 
упаковки. С каждого из этих мини-образцов извлечены их такие свойства 
как радиус пор, радиус горловины пор, координационное число, пористость, 
удельная площадь поверхности пор, извилистость и абсолютная проницаемость 
с помощью поросетевого моделирования течения однофазной жидкости сквозь 
каждого мини-образца. Было исследовано влияние соотношения обучающего и 
тестового набора данных (70/30 и 80/20) и количества признаков в наборе данных 
на производительность каждого из выше рассмотренных алгоритмов. Результаты 
показали, что для рассматриваемого набора данных алгоритм Random Forest 
являлся наиболее подходящим для прогнозирования абсолютной проницаемости 
с высокой достоверности. Наибольший коэффициент достоверности прогноза 
составил R2=0.83, и он был получен при использовании 5 из 6 признаков в наборе 
данных. Алгоритм Gradient Boosting тоже показал хорошую прогнозирующую 
способность абсолютной проницаемости, хотя он выбирал практически одного 
признака (пористости) как важным. Его наибольший коэффициент составил 
R2=0.73 при 80/20. Результаты исследования также показали, что все алгоритмы, 
кроме Random Forest, предсказали существенно завышенные минимальные 
проницаемости. А также все алгоритмы, кроме Support Vector и k-Nearest Neighbors, 
предсказали среднее значение проницаемости с наименьшими погрешностями.

Ключевые слова: машинное обучение, прогноз проницаемости, микроком
пьютерная томография, мини-образец, поромасштабное моделирование
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Introduction
Absolute permeability is an important macroscopic transport characteristic of a 

porous medium, on which the production of hydrocarbons during field development, the 
performance of filters in indoor air purification, separation of gas-liquid systems and in 
catalytic systems, etc. depend. Permeability is usually determined experimentally in the 
laboratory using special equipment. Laboratory measurements usually take a long time 
and are expensive. Therefore, its determination in alternative ways based on available 
analytical and experimental data on porous media is an urgent task.

With the development of machine learning methods, they began to be used to analyze 
data and predict important characteristics in many areas such as medicine (Rajalingam, 
Priya, 2018), economics (Cicceri et al., 2020; Yoon, 2021), geophysics (Gholami et 
al., 2012; Tembely et al., 2020; Waszkiewicz et al., 2019), etc. When predicting 
absolute permeability, images of real rocks or synthetic porous media obtained using 
microcomputed tomography (Tembely et al., 2020; Wu et al., 2018) and digital data 
extracted in one way or another from these images are used (Al Khalifah et al., 2020; 
Rabbani & Babaei, 2019). Well logging data is also used to predict absolute permeability 
(Rezaee & Ekundayo, 2022; Waszkiewicz et al., 2019).

Two-dimensional images of synthetic porous media combined with the lattice 
Boltzmann method were used to predict porosity, tortuosity and absolute permeability 
in (Rabbani & Babaei, 2019). Synthetic porous media are obtained by randomly 
distributing square particles, representing a solid rock matrix, in a square area. The 
authors used convolutional neural networks to determine the relationship between the 
structure and basic characteristics of synthetic porous media. And using the lattice 
Boltzmann method, flow fields were found for further calculation of tortuosity and 
permeability. They argued that convolutional neural networks showed high predictive 
ability of the underlying features. A similar study was carried out in (Wu et al., 2018), 
where it was also said that convolutional neural networks showed high performance 
in predicting absolute permeability. Thambley et al. (Tembely et al., 2020) used high 
spatial resolution micro-computed tomography images of over 1000 rock samples to 
build a predictive permeability model based on machine learning and deep learning 
techniques. They showed that permeability models based on machine learning and deep 
learning methods predicted permeability with confidence of 88 and 91%, respectively. 
They also showed that the use of artificial intelligence methods can reduce the time of 
calculating permeability by three orders of magnitude compared to traditional methods. 
Prediction of absolute rock permeability based on well logging data using machine 
learning methods is given in (Rezaee & Ekundayo, 2022; Waszkiewicz et al., 2019).

This paper examines the prediction of absolute permeability based on data from 
various rocks whose actual permeability is very different from their average statistical 
permeability. An analysis of the literature showed that when studying the effectiveness 
of machine learning methods, data from synthetic porous media and real rocks with 
slightly changing characteristics were mainly used. During the study, 6 machine learning 
methods were considered, the effectiveness of which was studied for different ratios of 
the training and test data sets.
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Materials and methods
Typically, machine learning methods use a dataset with various features as input. For 

this purpose, digital models of 266 mini-samples from ready-made models of various 
breeds were prepared. Each mini-sample has 7 features as feature (input) data. Larger 
finished digital models of 8 different real rocks and 1 artificial rock (packed with sand 
particles) were taken from the open access library of Professor M. Blunt's research 
group at Imperial College London, which are shown in Figure 1. Note that the above 
digital models have already been filtered and segmented. As can be seen from Figure 
1 The pore spaces of sandy rocks are formed by voids between sand granules and 
have a more uniform distribution throughout the sample compared to the structures of 
carbonate rocks. These models were obtained by scanning rocks using a microcomputed 
tomograph with a spatial resolution of about 3 μm.

Figure 1. Digital models of samples of various rocks

In order to increase the amount of input data into machine learning methods, the 
resulting digital rock models were divided into different pieces (mini-samples) of 
smaller size (Figure 2). Thus, a total of 266 mini-samples were prepared, the sizes of 
which varied from 0.125 mm to 3 mm.

The permeability of mini-samples is given in Table 1. As can be seen from this 
table, the considered samples have significantly different permeability. Separately, we 
can highlight a sample of packed sandstone, which has relatively high permeability. 
As can be seen from Table 1, carbonate rocks have relatively heterogeneous and low 
permeability compared to sandy rocks. A comparison of the minimum, maximum and 
average permeability values shows that the carbonate mini-samples generally have 
permeability close to the minimum, while the sandy mini-samples other than Bentheimer 
and Doddington have more uniform permeability distributions. And mini-samples of 
F42A sand packaging have almost the same permeability.

Table 1 – Permeability of mini-samples

Sample/
rock type

Carbonate Sandy Sand 
packaging

C1 C2 Ketton Estaillades S1 S2 Bentheimer Doddington F42A

Minimum 0,097 0,012 0,0033 0,0019 0,45 1,81 0,04 0,001 7,42
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Maximum 4,95 4,24 16,05 85,4 3,59 7,84 15,1 9,24 104,3
Average 1,65 0,87 3,08 4,09 1,36 4,44 2,53 2,16 66,0

The main and difficult stage of the entire process was the collection 
of data from the already prepared mini-samples, since most parameters 
of the porous medium, such as the average pore radius, average pore 
throat radius, average tortuosity, average coordination number and 
absolute permeability, will be found only by simulating the flow 
fluids through these porous media. The data set contains porosity 
(ф), average pore radius (rp, in µm), average pore throat radius (rt, in 
µm), tortuosity (r), coordination number (Nc), specific pore surface 
area (Ss, in 1/µm) and absolute permeability (k, in µm2) for each 
mini-sample. In this work, fluid flow in porous media was simulated 
using pore network modeling using special Avizo software, during 
which a pore network of the microstructure of mini rock samples is 
first constructed based on the allocated pore space (Figure 3), then 
the pore network will be modeled on it. the flow of the fluid itself 
based on the law of conservation of mass.

Figure 2. Breaking samples into smaller mini-samples

Figure 3. Pore space and pore network of the sub-sample

A pore network is a collection of individual pores and pore throats, which in turn are 
presented in the form of spheres and cylinders. The construction of the pore network is 
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based on the maximum ball algorithm, in which pores are replaced by spheres and pore 
throats by cylinders. Accordingly, the radii of spheres and cylinders are the radii of the 
pores and pore throats. The pore network provides information about the distribution of 
pores and pore throats according to their sizes; accordingly, we can find the average radii 
of pores and pore throats. The pore network also allows one to determine the number 
of connections of a particular pore with other pores connected to it, which means this 
gives the coordination number of the network. The specific pore surface area is one of 
the important parameters of a porous medium, since it affects the absolute permeability 
and the degree of dissolution of rock with different acid compositions.

The main macroscopic parameter of a porous medium is its permeability – it shows 
the ability of a porous medium to pass liquids through itself and depends on many 
factors, such as porosity, tortuosity, specific pore surface area, etc. But it has not yet been 
specifically established which parameters influence it most. The absolute permeability 
of the medium is determined by Darcy's law. From the digital model of each mini-
sample, 7 of its parameters were extracted, such as the average pore radius, the average 
pore throat radius, tortuosity, coordination number and absolute permeability, which are 
shown in Figure 4. In the table in Figure 3, each line means a data set of 7 parameters 
(not including the name) for each mini-sample. This data is the initial information when 
analyzed using machine learning methods. This dataset has a target variable: 'k' and 
input variables: 'rp', 'Nc', 'rt', 'ф', 'Ss', 'r'. Statistics of the characteristics of the mini-
samples used are given in Table 2.

Figure 4. Data set from digital models of mini-samples

Table 2 – Statistics of characteristics of mini-samples
Parameter Minimum Maximum Average Standard deviation

rp(µm) 11,70 188,32 77,33 26,73
Nc 1,71 7,48 4,13 1,18

rt (µm) 10,11 73,85 27,27 11,08

ф 0,02 0,34 0,19 0,067
Ss (1/ µm) 0,0014 0,050 0,013 0,005
r 1,05 2,66 1,51 0,19
k (µm 2) 0,001 104,3 9,38 21,98

When studying the data, methods such as random forest, gradient boosting, support 
vector machines, LASSO, K-nearest neighbors, and Gaussian process were used.

The Random Forest (RF) method is a machine learning algorithm based on an 
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ensemble of decision trees. In this method, each tree solves the problem independently 
of other trees, and at the end the answers of all trees are averaged. RF uses many 
parameters to control the optimization of the solution such as n_estimators, max_depth, 
max_features, etc. (Rezaee & Ekundayo, 2022). Their values used in this work are given 
in Table 3. We selected the best parameters for this method using the GridSearchCV 
library (Erofeev et al., 2019), which will help simplify the selection of parameters.

The first important parameter in the RF method is n_estimators - meaning the 
number of trees, the more trees, the better the quality, but the setup and operation time 
of RF also increases proportionally. The second important parameter is max_features, 
when increased, the forest construction time increases, and the trees become “more 
uniform”. The third parameter is max_depth (tree depth), which increases the quality of 
training sharply. When using shallow trees (i.e., with small max_depth), changing the 
parameters associated with limiting the number of objects in a leaf and for division does 
not lead to a significant effect.

Gradient Boosting (GB) is a method for transforming poorly trained models into 
well trained ones. This method is based on minimizing the loss function using gradient 
descent (Erofeev et al., 2019). Due to the similarity with the random forest method, this 
method has almost the same control parameters as in the random forest method. Control 
parameters and their values are given in Table 3.

Table 3 – Methods and their control parameters
Method Control options Value

Random Forest

max_depth 41
max_features 1
n_estimators 15

bootstrap Actual
criterion MSE

Gradient Boosts

n_estimators 19
learning_rate 0.9
max_depth 1

criterion friedman_mse

Support vector machines

kernel linear
epsilon 0.5

C 10
gamma 1e-07

LASSO alpha 0.01
max_iter 11

K-nearest neighbors
n_neighbors 86

p 1
weights distance

Gaussian process alpha 0.001
kernel DotProduct (sigma_0=0.1)

The Support Vector (SV) method (regressor) is a version of the support vector 
machine for use in regression problems. This regressor is based on finding a continuous 
(linear or nonlinear) function that maximally approximates the input data inside a given 
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tube with a sufficiently small diameter based on support vectors (Gholami et al., 2012). 
This method also has its own control parameters, which are given in table. 3.

LASSO is a method originally designed for linear regression that provides variable 
selection and regularization to improve forecast accuracy. The control parameters of 
this method are given in Table 3.

The K-Nearest Neighbors (k-NN) method is a method for solving classification and 
regression problems based on searching for the nearest objects with known values of 
the target variable.

Gaussian Process (GP) regression is a general-purpose non-parametric supervised 
learning method designed for solving regression (Rodríguez-Rodríguez et al., 2021). 
Lasso, k-NN and GP algorithms are considered to compare the prediction results of 
other algorithms with their results.

Results and discussions
The collected data was analyzed using the above machine learning techniques. First, 

we will show the connections between features (parameters of porous media), which is 
visualized in the form of a correlation matrix (Figure 5). This matrix shows how good 
or bad connections each pair of features has – the larger the coefficient in the matrix, 
the higher the correlation between the selected features. A coefficient of 1 means perfect 
correlation. The seaborn library was used to display the correlation matrix. Seaborn is 
essentially a higher level API based on the matplotlib library. Seaborn contains more 
appropriate default chart design settings. The library also has quite complex visualization 
types that would require more code in matplotlib. As can be seen from Figure 5, all input 
variables (features), except specific surface area and tortuosity, have a high correlation 
with the target variable.

Figure 5. Correlation matrix for visualizing connections between features

Impact of training/test data splitting on algorithm performance
After choosing a machine learning algorithm, the first priority is to determine the 

list of input data (features) that are most important when building a predictive model 
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(Otchere et al., 2021). To do this, each algorithm has the feature_importances_ property, 
with which you can see the weight (importance) of each feature in the final predictive 
model. The importance of dividing the input data set into training and testing is that the 
training set contains the known output data from which the model learns. In this paper, 
the data set was split 70/30 and 80/20.

The results of permeability prediction using the machine learning algorithms 
discussed above are shown in Figure 6-8 and Table. 4. Figure Figure 6 shows which 
of the 6 independent input data were selected as the most important when building a 
predictive permeability model using different machine learning algorithms. Note that for 
comparison purposes here and below, the importance of the feature is normalized by the 
maximum importance value for each algorithm. As the diagrams show, the RF, SV and 
GP algorithms turned out to be resistant to changes in the share of the training data set 
– when using these algorithms, the number of important features and their importance 
practically did not change. RF and GP selected 5 out of 6 features as important, while 
SV considered only 2 features to be most important. Increasing the proportion of the 
training dataset significantly influenced the selection of important features by the 
Lasso and k-NN algorithms. If the Lasso algorithm at 70/30 identified only 2 important 
features, then for 80/20 important features increased to 5, and for k-NN the number of 
important features increased from 3 at 70/30 to 6 for 80/20. All this shows the sensitivity 
of the considered algorithms to the amount of training data.

Figure 6. Importance of a feature when splitting data in a ratio of 70/30 (a) and 80/20 (b)

After the considered algorithms were trained, their predictive ability was tested 
on test data by comparing their results with the actual data. The comparison results 
are shown in Figure 7, where the symbols of different shapes correspond to different 
algorithms, and the solid line means the perfect correlation between the predicted 
and actual permeability values. Here and further, in all graphs, the actual and model 
permeability are located on the abscissa and ordinate axis, respectively.
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Figure 7. Predicted permeability using different algorithms compared to actual permeability when 
splitting the data in a ratio of 70/30 (a, b) and 80/20 (c, d)

As can be seen from the graphs, all machine learning algorithms predicted 
overestimated permeability values, especially in the range <1 μm2, and the average 
and maximum values lie close to the 1:1 line, which shows that the permeability 
forecast using the constructed forecast models is close to the actual values (Figure 7a-
d). Al-Khalifa et al. (Al Khalifah et al., 2020), when studying carbonate rocks, also 
found that the quality of prediction by machine learning methods decreases at low 
permeability values. With increasing proportion of the training data set, almost all 
algorithms predicted permeability values that are relatively close to the 1:1 line at 80/20 
(Figure 7c, d) compared to the 70/30 case (Figure 7a, b). This is confirmed by Figure 
8, which provides a quantitative comparison of the predictive ability of the considered 
machine learning algorithms in the form of the correlation coefficient (R2) between 
the predicted and actual permeability. As can be seen from this figure, the correlation 
between predicted and actual permeability improved for all algorithms as the size of the 
training dataset increased. Relatively high correlation coefficients were observed for GP 
(0.75), Lasso (0.77) k-NN (0.784), while for the remaining algorithms this coefficient 
was 0.687, 0.723 and 0.732, respectively for SV, RF and GB. Obviously, the higher the 
coefficient R2, the higher the reliability of the forecast, i.e. the predicted permeability is 
closer to the actual permeability. Although all algorithms predicted permeabilities that 
were highly correlated with actual permeability, some algorithms predicted negative 
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permeabilities, which was unacceptable. Table 4 shows the minimum, maximum and 
average values of actual permeability and permeability predicted using the considered 
machine learning algorithms. As can be seen from table. 4, when forecasting using the 
SV, Lasso and GP algorithms, negative minimum permeabilities were obtained. Yun 
(Yoon, 2021) also obtained negative values using the GB algorithm when forecasting 
Japan's GDP for 2001-2018. Although GB and k-NN produced positive values, they are 
three orders of magnitude higher than the actual minimum value. The closest value to 
the actual value was obtained only by the RF algorithm for both cases of partitioning 
the input data set. The maximum permeability predicted by the SV, Lasso, k-NN and GP 
algorithms has a significant difference from the actual permeability. The GB algorithm 
predicted permeability that was within 20% of the actual value. The maximum 
permeability predicted by the RF algorithm is quite close to the actual permeability, the 
relative prediction error is 8.5 and 4.5%, respectively, at 70/30 and 80/20. All algorithms 
except SV and k-NN predicted values close to the actual permeability. This may be due 
to the fact that machine learning methods are mainly based on data statistics that reliably 
predict averages.

Table 4 – Statistics of predicted permeabilities at 70/30 and 80/20
Parameter Training/Test Actual RF GB SV Lasso k-NN GP

Minimum 70/30 0,00249 0,03128 1,94 -10,95 -16,37 1,66 -17,10
80/20 0,00249 0,02273 3,03 -10,79 -16,32 0,52 -18,27

Maximum 70/30 95,91 87,81 80,94 33,44 58,44 51,63 56,39
80/20 87,07 91,15 68,40 34,18 59,12 58,35 59,36

Average 70/30 9,31 8,22 7,96 4,59 7,64 5,57 8,18
80/20 8,37 7,72 9,78 4,65 8,60 6,30 8,33

Figure 8. Confidence coefficient of permeability forecast on test data when splitting the data in a ratio 
of 70/30 (blue columns) and 80/20 (orange columns)

The influence of the number of features on the performance of algorithms
And also the algorithms were trained on a data set in which the number of features 

varied from 3 to the maximum (i.e. up to 6), and amounted to 'rp', 'Nc', 'rt' (3 features), ' 
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rp', 'Nc', 'rt ', 'ф' (4 features), 'rp', ' Nc', 'rt ', 'ф', ' Ss ' (5 features) and 'rp', ' Nc ', 'rt ', 'ф', ' Ss', 'r' (6 
signs), respectively. At the same time, the ratio of the training and testing data set did 
not change and was 70/30 in all cases. The purpose of changing the number of features 
in the input data set is to test the sensitivity of the permeability prediction model to 
the number of independent variables on which permeability could have a functional 
dependence. Obviously, it would be better if permeability was calculated using a 
formula (model) that uses minimal but important parameters (features) without losing 
accuracy. For example, the empirical Kozeny-Karman equation (Bolysbek et al., 2021), 
which allows one to find absolute permeability, uses only three characteristics (porosity, 
specific surface area and tortuosity) and one parametric constant.

Which features were selected by the considered machine learning algorithms when 
their number changed are shown in Figure 9. As can be seen from this figure, the SV, Lasso 
and k-NN algorithms selected the same features, although their number was different in 
each case (Figure 9c, d, e). At the same time, the importance of the selected features was 
almost the same. The remaining algorithms tried to select almost all features when their 
total number changed (Figure 9a, b, f). In addition, the importance of these features was 
different for the RF, GB and GP algorithms. GP selected the average pore throat radius rt 
as the most important feature, regardless of the number of features, and the importance 
of the remaining features was noticeable as the number of features increased (Figure 
9f). And the GB algorithm considered that the most important feature is the porosity of 
the mini-sample ф (Figure 9b). In the case of RF, porosity ф and coordination number Nc 
were considered to be the most important features (Figure 9a).
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Figure 9. The feature importance with their different numbers in the data set for different machine 
learning algorithms

The distribution of predicted permeability according to different algorithms in 
comparison with its actual value is shown in Figure 10. It can be said that all algorithms 
predicted visually close to the actual permeability value. However, all algorithms were 
characterized by overpredicted minimum permeabilities, and the maximum and average 
values were predicted significantly close to the actual permeability (distribution of 
values around the solid line). Among all the algorithms, RF predicted the closest to the 
actual permeability in the range of minimum permeabilities (0.001–1 μm2).

As can be seen from Figure 10, with an increase in the number of features, the 
predicted permeability by the RF (blue circles in Figure 10a, c, e and g) and GP algorithms 
(orange triangles in Figure 10b, d, f and h) approached the actual permeability, since 
these methods selected the largest number of important features (Figure 9a, f).

The parameter characterizing how well or poorly a particular algorithm predicted 
the permeability of mini-samples is shown in Figure 11. In this figure, the prediction 
confidence coefficients are distributed when the number of features in the input data 
set increases. And in the table Figure 5 shows the minimum, maximum and average 
permeability values obtained using the considered machine learning algorithms 
depending on the number of important features.

As can be seen in Figure 11, for the SV, Lasso and k-NN algorithms, the forecast 
reliability coefficient practically did not change with the increase in the number of 
features in the input data set, although the value of this coefficient is not low. This is 
due to the choice of almost the same number of features according to their importance 
(see Figure 9c, d, e). On the other hand, R2 for other algorithms is sensitive to changes 
in the number of important features. The RF and GP algorithms tend to increase R2 with 
increasing number of features, i.e. these algorithms predict permeability values more 
accurately when more minisample properties are included in the input data set. On the 
contrary, the GB algorithm deteriorates the quality of the forecast with an increase in 
the number of input features. This may be due to the fact that this algorithm considered 
different features with different numbers to be important (Figure 9b). We also note that 
the maximum forecast reliability coefficient R2=0.83 was achieved when using the RF 
algorithm, and this was obtained with 5 features.

Table 5 collects statistics of key parameters of the predicted and actual permeability 
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values. As can be seen from this table, the SV, Lasso and GP algorithms predicted 
negative (minimum) permeability values in all cases with the number of features, 
whereas it should be strictly positive. Moreover, negative permeabilities have large 
modulus values. Although the minimum permeability by GB and k-NN is positive, it 
still has a large error from the actual minimum permeability.

Table 5 – Statistics of predicted permeabilities for different numbers of features
Parameter Features Actual RF GB SV Lasso k-NN GP

Minimum

3

0,00249

0,07540 2,66 -10,64 -16,37 1,6557 -4,33
4 0,01001 1,75 -10,94 -16,37 1,6634 -21,50
5 0,17730 2,40 -10,93 -16,37 1,6633 -17,05
6 0,03128 1,94 -10,95 -16,37 1,6563 -17,10

Maximum

3

95,91

84,05 71,47 33,25 58,44 50,893 45,63
4 88,70 78,88 33,26 58,44 50,409 60,02
5 78,69 72,95 33,23 58,44 50,408 56,54
6 87,81 80,94 33,44 58,44 51,634 56,39

Average

3

9,31

7,51 8,67 4,627 7,64 5,4628 2,40
4 9,40 9,10 4,626 7,64 5,3918 7,63
5 8,04 8,63 4,640 7,64 5,3917 8,29
6 8,22 7,96 4,589 7,64 5,5671 8,18

The closest to the actual permeability value (exceeding only 4 times) was obtained 
using the RF algorithm with 4 features. The most distant from the actual maximum 
permeability values were obtained using the SV, Lasso, k-NN and GP algorithms, which 
have an error of 37–65 % of the actual permeability. The closest to the maximum actual 
permeability was the error obtained using the RF algorithm, which was 7.5 %. The 
permeability predicted by GB is also close to the actual one. The average permeabilities 
obtained using the RF and GB algorithms are the closest to the actual permeability for 
2 features, and their errors from the actual permeability were 2–3 %. Other average 
permeability values for the remaining number of features are relatively close compared 
to the results of other algorithms. The farthest averages from the actual permeability 
values were obtained using SV and k-NN, while the Lasso and GP permeabilities are 
within the error range of 18–29 % of the actual permeability.
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Figure 10. Predicted permeability using different algorithms compared to actual permeability for 
different numbers of features
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Figure 11. Reliability coefficient of permeability forecast for different numbers of features

Conclusion
This article examines 6 different machine learning methods for analyzing data and 

predicting the absolute permeability of 266 samples of various rocks ranging in size 
from 125 μm to 3 mm. Analysis of the complete data set showed a high correlation of 
permeability with pore throat radius, porosity, coordination number and pore radius. 
Splitting the full data set into training and testing significantly influenced the results of 
the GB, Lasso and k-NN methods: with an increase in the share of the training data set, 
the number of important features for choosing these methods increased. All algorithms 
overpredicted minimum permeabilities for all data set splits. In addition, the SV, Lasso 
and GP algorithms predicted negative permeabilities. All algorithms tried to predict the 
maximum and average values (sand rocks and sand pack) close to the actual permeability 
value. A comparison of the forecast qualities of all algorithms showed that the RF 
algorithm is the most suitable for analyzing heterogeneous data, i.e. data from samples 
of different rocks, the properties of which differ greatly from their average statistical 
value. The highest prediction reliability coefficient R2=0.83 was achieved when using 
the RF algorithm, and this was obtained with 5 features. The algorithms mainly selected 
pore radius, pore throat radius and porosity as important features (parameters).

REFERENCES
Al Khalifah H., Glover P.W.J. & Lorinczi P. (2020). Permeability prediction and diagenesis in tight 

carbonates using machine learning techniques. Marine and Petroleum Geology, 112, 104096. https://doi.
org/10.1016/j.marpetgeo.2019.104096

Bolysbek D.A., Assilbekov B.K., Akasheva Z.K. & Soltanbekova K.A. (2021). ANALYSIS OF THE 
HETEROGENEITY INFLUENCE ON MAIN PARAMETERS OF POROUS MEDIA AT THE PORE 
SCALE. Journal of Mathematics, Mechanics and Computer Science, 112(4). https://doi.org/10.26577/
JMMCS.2021.v112.i4.06

Cicceri G., Inserra G. & Limosani M. (2020). A Machine Learning Approach to Forecast Economic 
Recessions—An Italian Case Study. Mathematics, 8(2), 241. https://doi.org/10.3390/math8020241

Erofeev A., Orlov D., Ryzhov A. & Koroteev D. (2019). Prediction of Porosity and Permeability 
Alteration Based on Machine Learning Algorithms. Transport in Porous Media, 128(2), 677–700. https://
doi.org/10.1007/s11242-019-01265-3

Gholami R., Shahraki A.R. & Jamali Paghaleh M. (2012). Prediction of Hydrocarbon Reservoirs 
Permeability Using Support Vector Machine. Mathematical Problems in Engineering, 2012, 1–18. https://
doi.org/10.1155/2012/670723



75

ISSN 2224-5278 5. 2023

Otchere D.A., Ganat T.O.A., Gholami R. & Lawal M. (2021). A novel custom ensemble learning model 
for an improved reservoir permeability and water saturation prediction. Journal of Natural Gas Science and 
Engineering, 91, 103962. https://doi.org/10.1016/j.jngse.2021.103962

Rabbani A. & Babaei M. (2019). Hybrid pore-network and lattice-Boltzmann permeability modelling 
accelerated by machine learning. Advances in Water Resources, 126, 116–128. https://doi.org/10.1016/j.
advwatres.2019.02.012

Rajalingam B., Priya R. (2018). Multimodal Medical Image Fusion based on Deep Learning Neural 
Network for Clinical Treatment Analysis. International Journal of ChemTech Research. https://doi.
org/10.20902/IJCTR.2018.110621

Rezaee R. & Ekundayo J. (2022). Permeability Prediction Using Machine Learning Methods for the 
CO2 Injectivity of the Precipice Sandstone in Surat Basin, Australia. Energies, 15(6), 2053. https://doi.
org/10.3390/en15062053

Rodríguez-Rodríguez I., Rodríguez J.-V., Woo W.L., Wei B. & Pardo-Quiles D.-J. (2021). A Comparison 
of Feature Selection and Forecasting Machine Learning Algorithms for Predicting Glycaemia in Type 1 
Diabetes Mellitus. Applied Sciences, 11(4), 1742. https://doi.org/10.3390/app11041742

Tembely M., AlSumaiti A.M. & Alameri W. (2020). A deep learning perspective on predicting 
permeability in porous media from network modeling to direct simulation. Computational Geosciences, 
24(4), 1541–1556. https://doi.org/10.1007/s10596-020-09963-4

Waszkiewicz S., Krakowska-Madejska P. & Puskarczyk E. (2019). Estimation of absolute permeability 
using artificial neural networks (multilayer perceptrons) based on well logs and laboratory data from Silurian 
and Ordovician deposits in SE Poland. Acta Geophysica, 67(6), 1885–1894. https://doi.org/10.1007/
s11600-019-00347-6

Wu J.-L., Yin X.-L. & Xiao H. (2018). Seeing Permeability From Images: Fast Prediction with 
Convolutional Neural Networks. https://doi.org/10.1016/j.scib.2018.08.006

Yoon J. (2021). Forecasting of Real GDP Growth Using Machine Learning Models: Gradient Boosting 
and Random Forest Approach. Computational Economics, 57(1), 247–265. https://doi.org/10.1007/s10614-
020-10054-w.



256

N E W S  of  the  National  Academy  of  Sciences  of  the  Republic  of   Kazakhstan

CONTENT 

А.Е. Abetov, N.B. Uzbekov, А.N. Uzbekov
STRUCTURE AND INTERPRETATION OF THE ANOMALOUS GEOMAGNETIC FIELD 
OF CENTRAL KAZAKHSTAN...................................................................................................................8

I.O. Aimbetova, О.S. Baigenzhenov, A.V. Kuzmin, Е.O. Aimbetova, B.S. Abzhalov, A.T. Dagubayeva
DEVELOPMENT OF A NEW ENERGY-INTENSIVE COMPOSITION VANADIUM ELECTROLYTE
AND INVESTIGATION REVERSIBLE CHARGE TRANSFER MECHANISMS FOR USE
HIGH-EFFICIENCY ENERGY STORAGE DEVICES.............................................................................22

M.R. Aktayev, T.SH. Toktaganov, L.Kh. Akbayeva, O.N. Lyakhova
RESEARCH OF THE CONDITIONS OF WATER FORMATION IN RADIATION-HAZARDOUS
SITES OF THE SEMIPALATINSKY TEST POINT...................................................................................35

Sh.S. Amanova, A.Z. Hajiyeva, F.M. Jafarova
ECO-GEOGRAPHICAL ASSESSMENT OF URBAN LANDSCAPE DEVELOPMENT 
DYNAMICS ON THE BASIS OF GIS.......................................................................................................45

B.K. Assilbekov, D.A. Bolysbek, N.E. Kalzhanov, K.Sh. Uzbekaliyev 
STUDY OF THE EFFICIENCY OF MACHINE LEARNING ALGORITMS BASED ON DATA 
OF VARIOUS ROCKS................................................................................................................................58

I. Bekbasarov, N. Shanshabayev
UPLIFT BEHAVIOR OF PYRAMIDAL-PRISMATIC PILES IN CLAY SOIL........................................76

D.A. Bolysbek, A.B. Kuljabekov, G.I. Issayev, K.Sh. Uzbekaliyev
EXPERIMENTAL STUDY OF DISSOLUTION OF CARBONATE SAMPLES USING
X-RAY MICROCOMPUTED TOMOGRAPHY........................................................................................89

N.A. Vysotskaya, B.N. Kabylbekova, R. Spabekova, A.A. Anarbaev, K.T. Kurbanbekov, E.G. Lukin
REMOVAL OF SCALES FROM THE SURFACE OF PIPES WITH CHEMICAL SOLUTIONS
IN HEAT SUPPLY SYSTEMS..................................................................................................................100

I.R. Kudaibergenova, N.V. Gritsenko, M.B. Tskhay, N.N. Balgabayev, B.Sh. Amanbayeva
FEATURES OF TECHNOLOGY FOR CULTIVATING CORN FOR GRAIN UNDER
DRIP IRRIGATION ON SEREOZEM SOILS......................................................................................109

R.Yu. Zaripov, P. Gavrilovs, B.D. Kabbasov
ON THE DEVELOPMENT OF TANKS FOR PETROLEUM PRODUCTS MADE OF COMPOSITE
MATERIAL...............................................................................................................................................121

I.G. Ikramov, G.I. Issayev, Z.M. Kerimbekova, G.K. Ivakhnyuk
DETERMINING THE IMPACT OF GRANULATED SLAG ON PUBLIC HEALTH...........................132

A. Sh. Kanbetov, M.Z. Muldakhmetov, D.K. Kulbatyrov, R.G. Duisekenova, G.S. Dyussengaliyeva,
G.R. Zhaksiyeva
SOIL CONDITION STUDIES IN THE AREA OF THE TENGIZ DEPOSIT..........................................145



257

ISSN 2224-5278 5. 2023

M.S. Karabayev, M.Sh. Moyliev, E.M. Amirov, A.B. Yusupov, R.M. Sadirov
FUNDAMENTAL PROBLEMS RELATED TO GOLD-ORE PROCESS IN THE CENTRAL 
KYZYLKUM, PROSPECTS FOR THEIR SOLUTIONS.......................................................................156

A.Zh. Kassenov, K.K. Abishev, A.S. Yanyushkin, B.N. Absadykov, D.A. Iskakova
RESEARCH OF THE STRESS-STRAIN STATE OF THE BUCKET ELEVATOR NODE
CHAIN.......................................................................................................................................................167

М. Nurpeissova, B. Mingzhasarov, В. Burkhanov, D. Kyrgizbaeva, Zh. Nukarbekova
INFLUENCE OF METEOROLOGICAL FACTORS ON THE ACCURACY OF MONITORING 
RESULTS..................................................................................................................................................179

A.R. Omarov, A.Zh. Zhussupbekov, A.S. Sarsembayeva, A.B. Issakulov, A.M. Buranbayeva
NUMERICAL MODELLING MICRO PILES AND EVALUATION OF THE O-CELL TEST 
RESULTS..................................................................................................................................................190

V. Povetkin, A. Bukayeva, A. Nurmukhanova, A. Seitkhanov, M. Kerimzhanova
IMPROVING THE DESIGN OF A CENTRIFUGAL GROUND PUMP IN ENRICHMENT
PRODUCTION..........................................................................................................................................202

T.S. Salikhova, S.A. Glazyrin, T.K. Salikhov, A.Sh. Alimgazin, Z.A. Bimurzina
DEVELOPMENT OF A TECHNOLOGICAL SCHEME OF A WASTE-FREE BIOENERGY 
PLANT FOR THE DISPOSAL OF WASTE.........................................................................................217

B.T. Uakhitova, R.A. Zhokanov,  Z.S. Sarkulova, M.M. Taizhigitova, N.B. Kurbangaliyеva
STATISTICAL ANALYSIS AND QUANTIFICATION OF RISK DANGERS OF INJURIES...............230

A.G. Fremd, A.J. Bibosinov, B.A. Iskakov
DISTRIBUTION OF ZONES OF DECOMPRESSION OF THE EARTH'S CRUST AS AN INDICATOR
OF THE OIL PROSPECTS OF THE TERRITORY OF THE CASPIAN REGION................................242



Publication Ethics and Publication Malpractice
in the journals of the National Academy of Sciences of the Republic of Kazakhstan

For information on Ethics in publishing and Ethical guidelines for journal publication see 
http://www.elsevier.com/publishingethics and http://www.elsevier.com/journal-authors/ethics.

Submission of an article to the National Academy of Sciences of the Republic of Kazakhstan 
implies that the described work has not been published previously (except in the form of an 
abstract or as part of a published lecture or academic thesis or as an electronic preprint, see http://
www.elsevier.com/postingpolicy), that it is not under consideration for publication elsewhere, 
that its publication is approved by all authors and tacitly or explicitly by the responsible authorities 
where the work was carried out, and that, if accepted, it will not be published elsewhere in the 
same form, in English or in any other language, including electronically without the written 
consent of the copyright-holder.  In particular, translations into English of papers already 
published in another language are not accepted.

No other forms of scientific misconduct are allowed, such as plagiarism, falsification, 
fraudulent data, incorrect interpretation of other works, incorrect citations, etc. The National 
Academy of Sciences of the Republic of Kazakhstan follows the Code of Conduct of the 
Committee on Publication Ethics (COPE), and follows the COPE Flowcharts for Resolving 
Cases of Suspected Misconduct (http://publicationethics.org/files/u2/New_Code.pdf). To verify 
originality, your article may be checked by the Cross Check originality detection service http://
www.elsevier.com/editors/plagdetect.

The authors are obliged to participate in peer review process and be ready to provide 
corrections, clarifications, retractions and apologies when needed. All authors of a paper should 
have significantly contributed to the research.

The reviewers should provide objective judgments and should point out relevant published 
works which are not yet cited. Reviewed articles should be treated confidentially. The reviewers 
will be chosen in such a way that there is no conflict of interests with respect to the research, the 
authors and/or the research funders.

The editors have complete responsibility and authority to reject or accept a paper, and they 
will only accept a paper when reasonably certain. They will preserve anonymity of reviewers and 
promote publication of corrections, clarifications, retractions and apologies when needed. The 
acceptance of a paper automatically implies the copyright transfer to the National Academy of 
Sciences of the Republic of Kazakhstan.

The Editorial Board of the National Academy of Sciences of the Republic of Kazakhstan 
will monitor and safeguard publishing ethics.

Правила оформления статьи для публикации в журнале смотреть на сайтах:
www:nauka-nanrk.kz

http://www.geolog-technical.kz/index.php/en/
ISSN 2518-170X (Online), 

ISSN 2224-5278 (Print)

Подписано в печать 10.09.2023.
Формат 70х901/16. Бумага офсетная. Печать – ризограф.

19,0 п.л. Тираж 300. Заказ 5.

  РОО «Национальная академия наук РК»
050010, Алматы, ул. Шевченко, 28, т. 272-13-19




