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Analysis of Ust-Kamenogorsk Soil Radioactive
Contamination Data Using Machine Learning
Algorithms

Introduction

The article describes the analytical pro-
cessing of land in the campus area around the
building of the East Kazakhstan Technical Uni-
versity named after D. Serikbayev based on
the following data:

- Gamma-ray shooting on the ground at a
scale of 1:2000;

- sampling of shurfs up to 1 meter deep
at specified points of individual sections of the
contaminated area;

- laboratory examination of samples select-
ed for chemical, radionuclide and mineralogical
composition.

Radioactive pollution began to take shape
in the 40-50s of the last century as a tailings
depot for waste from processing ores of rare
earth and radioactive metals. Currently, it be-
longs to the historical pollution of the residen-
tial area of the city with radioactive materials.
The radionuclide composition of contaminat-
ed areas contains radionuclides of the urani-

um-238 and Thorium-232 series in quantities

significantly exceeding the average content of
them in this area and in Ust-Kamenogorsk as
a whole [1].

The aim of the project is to analyze the
indicators of alpha, beta, Ra226 and Th232
databases of radioactive soil pollution in Ust
- Kamenogorsk using statistical methods and
machine learning algorithms.

The purpose of the subject area of the
analysis of radioactive contamination of soils
of the city of Ust-Kamenogorsk is to determine
the scale, nature and sources of pollution in
order to ensure environmental safety and de-
velop effective measures for the rehabilitation
of polluted territories [2]. To do this, it is nec-
essary to create a system for collecting, re-
cording and analyzing data, which includes the
results of laboratory tests, field measurements
and calculations [3].

In addition, an important aspect is to take
into account the spatial distribution of radionu-
clides in the soil and their ability to migrate in
underground horizons. This makes it possible
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to identify the main areas of pollution, predict
the further spread of radionuclides and assess
potential threats to population health and eco-
systems [4].

It is also necessary to develop a system for
analyzing and interpreting the data obtained.
It should provide the ability to assess the level
of radiation hazard, create reports and recom-
mendations to minimize the consequences of
pollution. Such a system contributes to the ef-
fective adoption of managerial decisions aimed
at protecting the environment and the popu-
lation.

Research methods

To simplify the work, a database structure
was created with the corresponding tables
and relationships between them. Each table
covers individual aspects of the study: gam-
ma-ray imaging, laboratory data, quantitative
interpretation and assessment of qualitative
characteristics. Particular attention is paid to
the Coordination of data on Spurs, depths and
types of measurements.

As part of the analysis, calculations were
made on the main indicators of radiation ac-
tivity, including the values of Alpha and beta
activity, as well as the concentration of radium
and thorium in different layers of soil. The re-
sults were supplemented by statistical analysis
to identify patterns of changes in activity de-
pending on the depth.

Within the framework of the project, a ma-
chine learning method was used, in particular
the random Forest algorithm (Random Forest),
to classify radiation levels in the soil based on
measurements of gamma activity carried out
at different depths [5]. The use of machine
learning allows you to effectively analyze large
amounts of data, make predictions, and iden-
tify hidden patterns that are not visible in tra-
ditional analysis methods [6].

Machine learning (ML) is a field of artificial
intelligence that allows computer systems to
learn from data, find patterns and make pre-
dictions, or make decisions without specific
programming [7]. Unlike traditional algorithms
that follow clearly defined steps, machine
learning algorithms analyze data and create
experience-based models, that is, they are
taught using examples.

This project used the Random Forest algo-
rithm to classify the level of soil gamma ac-
tivity depending on measurements at different
depths. The task was to classify activity levels
as low, medium and high based on radiation
activity data at different depths (from 0 to 100
cm).

Results

To apply statistical analysis and machine
learning algorithms, a database of the follow-
ing data was designed:

- Data for conducting spur gamma surveys
with points for sampling layered samples from
shurfs at intervals of 0-20 cm, 20-40 cm, 40-
60 cm, 60-80 cm and 80-100 cm;

- Data on the power of the exposure dose
of gamma radiation (mcr/h) in the spur at a
depth of 0 to 100 cm;

- results of laboratory studies of radionu-
clide and chemical composition samples, as-
sessment of the ability of radionuclides to mi-
grate to underground horizons;

- results of comparison of experimental and
estimated values for the indicator of the total
specific beta activity of samples;

- results of comparison of experimental and
estimated values for the indicator of specific
activity of radium-226 (Ra 226), Thorium-232
(Th 232) in samples.

To analyze the data of each table in the
project, the main statistical characteristics
were calculated: number of records (count),
mean (mean), standard deviation (std), max-
imum value (max) and minimum value (min).
These indicators allow you to get a general idea
of the distribution of data and identify possible
deviations. The results of statistical analysis of
indicators of laboratory tests are shown in Fig-
ure 1.

As a result of the analysis, data on the av-
erage activity of radionuclides are obtained
for each site and the level of contamination is
determined: low, medium or high. This makes
it possible to classify zones by the degree
of radiation pollution and highlight the most
problematic areas that need priority when de-
veloping measures to reduce the radioactive
background.

The graph allows you to see how activity
changes with depth and allocate abnormal val-
ues, such as sharp jumps or consistently high
levels of activity. This information helps to as-
sess the vertical distribution of pollution in the
soil and isolate Spurs that need to be studied
in detail. The graph of the distribution of gam-
ma activity (ur/H) by the depth of each Spur is
shown in Figure 2.

The resulting graph depicts the depth dis-
tribution of alpha activity for each spur. The
graph shows how the values of alpha activity
at different soil levels change, which makes it
possible to identify trends, fluctuations or lo-
cal areas with high activity. This information
is useful for assessing the vertical distribution
of Alpha-active radionuclides contamination
and helps identify areas that require additional
analysis or intervention. The depth distribution
graph for each spur of alpha activity is shown
in Figure 3.

The construction of color correlation matri-
ces allows to analyze the relationships between

experimental and computational data on dif-
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ferent types of activity (Alpha, Beta, Ra226, e Th232: a similar analysis determines the

Th232) at a depth of 0-100 CM [8]: nature of the relationship between experimen-

e Ra226: the correlation matrix shows the tal and calculated data on thorium activity,

degree of correspondence between experi- @ which is especially important for the study of
mental (er) and calculated activity values at all deep distribution.

depths. High correlation indicates the accuracy e Beta activity: the correlation matrix helps

of the calculation model. to assess how close the experimental and cal-
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culated data are, which makes it possible to
identify possible deviations in the calculations.

e Alpha activity: a similar approach is used
to analyze alpha activity across different lay-
ers, giving a complete idea of the quality and
accuracy of the data.

The creation of these color correlation ma-
trices helps to assess the quality and accura-
cy of calculations compared to experimental
measurements, identify possible deviations or
discrepancies between layers, and decide on
the need for further improvement or additional
analysis of computational models. To analyze
the relationship of gamma activity at different
depths, a correlation matrix is developed that
reflects the degree of relationship between soil
layers. In increments of 10 cm, activity indi-
cators from 0 to 100 cm are considered and
the correlation coefficient is calculated for each
depth pair, which shows how much changes in
one layer depend on changes in another. Cor-
relation values-from 1 (full negative connec-
tion) to 1 (full positive connection), where 0
indicates the absence of a connection. The re-
sults are presented as a heat map, where the
color scale shows the strength of the correla-
tion: the brighter the color, the stronger the
connection. The correlation matrix of gamma
activity is shown in Figure 4.

Correlation matrices have helped determine
the relationship between activity at different
depths, which is important for understanding
the migration patterns of radionuclides in soils.

Before applying machine learning algo-
rithms, the data is imported from a file con-
taining information about the results of gam-
ma radiation at different soil depths. These
data include radiation values at levels from 0 to
100 cm at intervals of 10 centimeters. Each of
these levels is assigned names, which makes
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Figure 4 - Gamma activity correlation matrix

the table more readable.

A machine learning model is trained to clas-
sify radiation levels of shurfs using a random
forest algorithm (Random Forest).For this, a
set of signs (X) differs from the initial data,
which are radiation values at different depths
(from 0 CM to 100 cm) for each spur, and the
target variable (y) is a classification of radi-
ation levels (for example, "low", "medium",
"high"). The data is then divided into training
and test samples using the train_test_split
function. 80% of the data is used to train the
model and the remaining 20% is used to test
it. The model is trained using a random forest
algorithm.

After training the model, it is used to pre-
dict classes for test data. Then the accuracy
of the model is calculated, which shows how
correctly it classified the test data. The result
is produced in the form of classification accu-
racy, expressed as a percentage. This process
allows us to assess how effectively the model
can classify shurfs by radiation levels using the
data provided. At the final stage, a process is
carried out that allows the user to enter data
into a new Spur, and this data is then used to
predict the radiation activity class (e.g. "Low",
"Medium" or "high") using a trained machine
learning model.

Steps to take to make a forecast:

Step 1. Get input data from the user: In
the first function (get_input_data), the user is
asked to enter values for each layer of soil at
different depths (e.g. 0 CM, 10 cm deep, etc.)

Step 2. Edit The entered data: The entered
data is collected in a dictionary, where the keys
are layer names (for example, 'cm_0', 'cm_10",
etc.) and the values are numeric values en-
tered by the user After that, the dictionary
becomes a DataFrame, which is transferred to
the machine learning model.

Step 3. Radiation activity class prediction:
In the second function (predict_new_data), the
data from the new shurf is passed to the clas-
sification model (Random Forest). According to
the existing data, the pre-prepared model pre-
dicts the radiation class for the entered values
(for example, "low", "medium" or "high").

Step 4. Output results: After the forecast is
made, the program will display on the screen
the data entered by the user (for each layer)
and the classification result — the predicted
radiation class for the spur data.

This process makes it easy to integrate
machine learning to assess the radiation back-
ground at new sites, obtaining results immedi-
ately after entering the necessary data. Mak-
ing a forecast and the result of forecasting is
shown in Figure 5.

The use of a random forest algorithm in this

study made it possible to build a reliable model
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Figure 5 - Making predictions and the result of predictions

for classifying levels of gamma activity in soils.
The model not only showed high accuracy, but
also showed good resistance to retraining. This
approach can be used to monitor radiation pol-
lution, predict radiation activity in different
ecosystems, and develop measures to reduce
the impact of radiation on the environment.

Conclusion

As a result of the analysis of data on radio-
active activity in soil layers, important results
were obtained that made it possible to assess
the level of pollution and its distribution to
depth. Comparison of experimental and com-

REFERENCES

putational data for the activity of alpha, beta,
Ra226 and Th232 showed a general corre-
spondence of models and observations, which
confirms the accuracy of the calculation meth-
ods used. Pollution categories were identified
based on the pollution index and the type of
distribution, which made it possible to distin-
guish between high, deep and mixed types of
pollution.

All practical work is carried out at the D.
Serikbayev school. Conducted at the East Ka-
zakhstan Technical University (Oskemen city,
Kazakhstan).

1. Kymapb6ekynbl C. n ap. Analysis of radiation city of Ust-Kamenogorsk // AKTyanbHble Hay4Hble nccaeaoBa-
HMA B coBpemeHHOM mupe. —2020. — Ne 3-2. - C. 107-110.

2. Mananos 4. 4. v ap. Radiation condition of river channel Komendantka // Tam ske. — Ne 3-7.—C. 152-157.

3. Anubaesa /1. XK., ontabaposa LU. M., UmuHoBsa . E. CoBpemeHHas pagnomeTpuyeckas obcTaHOBKaA
HaceneHHbIX MYHKTOB MOBbILWEHHOIO pPaauaLnoHHOro pucka boiswero CUAM // Mepcnektmsbl pa3suTus

HayKu B coBpemeHHOM mupe. —2019. - C. 132-137.

4. MapKkuH M. H0. OueHKa 06bEMHON aKTUBHOCTU PaoHa TEKTOHUYECKUX PA3/IOMOB B FpaHML,AX rOPOACKOM
arnomepaumm Yctb-KameHoropck (Pecnybanka KasaxcraH) // feonorua n reopusmka HOra Poccun. —2023.

—T.13.—Ne 2. -C. 29-39.

5. Monosa A. A. MeToAbl MalWMHHOTO 0byYeHus B akonornn // CoBpemeHHble TEXHOOTMN B POCCUIACKON 1
3apybexHbix cuctemax obpasosaHuma. — 2020. — C. 151-154.

6. KoctpomuH H. C., Cuosa A. H. MpumeHeHne MeToA0B MALLMHHOIO 0byvyeHns ans peleHna sKonornye-
CKux 3agay // Modern science. —2019. — Ne 5-3. — C. 144-148.

7. ®nax . MawunHHoe oby4yeHne. HayKa M UCKYCCTBO MOCTPOEHUA aiTOPUTMOB, KOTOPbIE WU3B/IEKAIOT 3Ha-

HMA U3 AaHHbIX. — Litres, 2022.



Paspen «feotexHonorumn. besonacHocTb Xn3HeaeaTenbHocT» M

8. JlaBpeHTbeBa, I. B., Yoanosa, A. A., HenoroguHa, A. B., MenbHukoBa, T. B. (2024). 3Kon0rMyecknin MoHu-
TOPWHT MOYBEHHO-PACTUTE/IbHON CUCTEMBI B 30HE BAIMAHMA PAAMALMOHHO ONACHOIro 06beKTa HeaHepre-
TUyeckoro npoouna // dkonorus ypbaHnsmposaHHbIx Tepputopuit. 2024. (3), 42-47.

9. Mahur, A. K., Sharma, R. L., Mehra, R., Chand, S., Singh, H., & Sharma, S. (2024). Natural radioactivity,
radon exhalation rates and radiation doses in soil and cement samples. Journal of Radioanalytical and
Nuclear Chemistry, 1-8.

10. baspuHa A. M., Bopucos N. 6. CoBpeMeHHble npasnaa NPUMeHeHUs KoppenaumMoHHoro aHanmsa // Me-
OVUMHCKUI anbmaHax. — 2021. — Ne 3 (68). — C. 70-79.




o)

B Tpyabl yHuepcuTeta N3 (100) « 2025

10.

Kumarbekuly S. i dr. Analysis of radiation city of Ust-Kamenogorsk // Aktual'nye nauchnye issledovanija v
sovremennom mire. —2020. — Ne 3-2. — Pp. 107-110.

Manapov D. D. i dr. Radiation condition of river channel Komendantka // Tam zhe. — Ne 3-7. — Pp. 152-157.
Alibaeva L. Zh., Zholtabarova Sh. M., Iminova D. E. Sovremennaja radiometricheskaja obstanovka
naselennyh punktov povyshennogo radiacionnogo riska byvshego SlJaP // Perspektivy razvitija nauki v
sovremennom mire. —2019. — Pp. 132-137.

Markin M. Ju. Ocenka ob#emnoj aktivnosti radona tektonicheskih razlomov v granicah gorodskoj
aglomeracii Ust'-Kamenogorsk (Respublika Kazahstan) // Geologija i geofizika Juga Rossii. —2023. - T. 13.
—Ne 2. —Pp. 29-39.

Popova A. A. Metody mashinnogo obuchenija v jekologii // Sovremennye tehnologii v rossijskoj i
zarubezhnyh sistemah obrazovanija. —2020. — Pp. 151-154.

Kostromin N. S., Sivova A. N. Primenenie metodov mashinnogo obuchenija dlja reshenija jekologicheskih
zadach // Modern science. — 2019. — Ne 5-3. — Pp. 144-148.

Flah P. Mashinnoe obuchenie. Nauka i iskusstvo postroenija algoritmov, kotorye izvlekajut znanija iz
dannyh. — Litres, 2022.

Lavrent'eva, G. V., Udalova, A. A., Nepogodina, Ja. V., Mel'nikova, T. V. (2024). Jekologicheskij monitoring
pochvenno-rastitel'noj sistemy v zone vlijanija radiacionno opasnogo ob#ekta nejenergeticheskogo
profilja // Jekologija urbanizirovannyh territorij. 2024. (3), 42-47.

Mahur, A. K., Sharma, R. L., Mehra, R., Chand, S., Singh, H., & Sharma, S. (2024). Natural radioactivity,
radon exhalation rates and radiation doses in soil and cement samples. Journal of Radioanalytical and
Nuclear Chemistry, 1-8.

Bavrina A. P., Borisov I. B. Sovremennye pravila primenenija korreljacionnogo analiza // Medicinskij
al'manah. —2021. — Ne 3 (68). — Pp. 70-79.



