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Аннотация: определение и интерпретация гидравлической проводимости представляет 
собой сложный процесс в пористой среде. Точное измерение гидравлической проводимо-
сти требует лабораторных испытаний, мониторинга и прогнозирования. Это исследование 
направлено на  изготовление одностороннего трехосного пермеаметра с  гибкой стенкой 
для непрерывного мониторинга проницаемости и прогнозирования гидравлической про-
водимости с использованием машинного обучения. Изготовленное устройство оснащено 
датчиками Arduino в режиме реального времени для регистрации влажности, обратно-
го давления, массы сточной воды, комнатной температуры и температуры сточной воды. 
При проектировании электрической схемы конденсатор и катушка индуктивности были 
взяты из поврежденного электронного устройства и использовались для подавления шума 
при колебаниях напряжения в цепи. Модель искусственной нейронной сети в R использо-
валась для прогнозирования массы статической нагрузки в 50 г, динамической нагрузки 
просачивающейся воды и  коэффициента проницаемости. Стандартное отклонение при-
ложенной статической нагрузки в течение 24 часов с помощью регрессионного анализа 
с первого по пятый день составило 1,08, 1,99, 1,68, 0,99 и 0,75 соответственно. Объединен-
ные 5-дневные данные показали отклонение в 4,4, стандартное отклонение в 2,1 и среднее 
значение массы 49,93 г. Прогнозируемый коэффициент гидравлической проводимости ис-
следованных образцов цементного раствора с медными остатками, отвержденного в тече-
ние 31 дня, состоящего из 25%-ной дозы цемента, составил 1.73e-9 м/с с высоким коэффи-
циентом детерминации R=0,97. Использование датчиков в реальном времени и машинного 
обучения может помочь точно определить гидравлическую проводимость.
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1 Introduction
A three-axis permeameter with a 

flexible wall can be used to investigate 
the hydraulic and chemical conductivity 
of compacted fine-grained soils, soil 
cement, and soil cement bentonite [1], [2]. 
The coefficient of permeability is of key 
importance for evaluating seepage losses, 
pore water pressure, quicksand conditions, 
contamination control, and design of 
dewatering, dams, and drainage systems. 

However, acquiring an automated triaxial 
permeability testing apparatus is costly 
because of the technology used for its 
fabrication. On the other hand, manual 
data logging from a triaxial permeameter 
is accompanied by a variety of human 
and environmental errors that can lead 
to erroneous hydraulic conductivity 
determination. 

It is known that an incremental 
temperature change alters the water 
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properties, hence affecting the hydraulic 
conductivity of soils [3]. The influence 
of temperature on hydraulic conductivity 
is explained by the fact that it affects the 
water viscosity [4], [5]. The determination 
and interpretation of hydraulic conductivity 
is a complex process in a porous medium 
[6]. This is because the determination 
of hydraulic conductivity is strongly 
influenced by the degree of saturation, 
absorbed water, trapped air, impurities in 
effluent water, temperature and degree 
of packing of soil cement. However, 
monitoring the factors that influence 
hydraulic conductivity determination 
requires a number of sensors to be 
connected to the permeameter system. 
Sensors that can be attached to the 
permeameter system refer to liquid level, 
pressure, humidity and temperature, etc. 
The different ways of measuring liquid 
levels have been investigated by previous 
researchers [7]. Load cells are some of the 
sensors that are used to measure liquid level 
[7],[10]. However, the load cell sensor is 
known to have creeping characteristics 
[11], [12]. In 2001, Kopczynski and Ness 
investigated five factors that affect the 
accuracy of weighing systems [13]. In 
this study, the apparatus was fabricated 
by reinventing the wheels of the one-way 
triaxial permeameter described by Head 
[14] at a reasonable cost. 

This study focuses on the automation 
of a one-way triaxial permeameter with 
a flexible wall for testing the hydraulic 
conductivity of soils, soil-cement and soil-
cement bentonite. The objectives of this 
experimental study are to: (1) automate 
data acquisition from the permeameter, 
(2) investigate the effect of environmental 
factors on the load cell to measure seepage, 
(3) investigate the stability of the load cell 
to continuously measure fluid levels for 
24 hours, and (4) predict the coefficient of 
hydraulic conductivity using an artificial 
neural network in R [15]. 

2 Materials and Methods
The components shown in Table 1 

were used to fabricate the automated one-
way triaxial permeameter. Although these 
components produced favourable results, 
other sources of components were also used, 
but they did not produce the desired results. 

2.1 Mix design and sample preparation
Mixing compositions for three samples 

of copper tailing cement slurry (CTCS) 
were prepared using the Mindola copper 
tailing (CT) by implementing dosage 
Equation 1. Due to the complexity of 
homogeneous mixing of fine-grained 
particles [17], it is necessary to thoroughly 
mix the dry CT and cement prior to 
the addition of the required amount of 
moulding water. After that, further mixing 
was required to form a homogeneous 
paste. Mixing dry CT with the Ordinary 
Portland Cement 42.5 N (OPC 42.5N) 
helps to avoid the inconsistency in 
distribution of OPC 42.5 N in the CTCS 
matrix. In the developed mix, the content 
of CT, OPC 42.5 N and mixing water was 
1383g, 25% and 500 ml, respectively. The 
CTCS samples used in this study were 
cylindrical with a diameter of 50 mm 
and a height of 100 mm. The required 
temperature of the mixing chamber and 
the fog room temperatures corresponded 
to the ASTM-C511−13 standard [16]. 
The samples were kept in the fog room 
for 31 days, after which the samples were 
subjected to permeability and stress-strain 
tests. The stress-strain condition was 
determined using a CBR-2 test apparatus 
using gear 3 at a speed of 1.27 mm/min. 

Material dosage (%)
Material component (g) 

100%,
Base Copper tailing (g)

=

= ⋅   (1)

2.2 Workability of the copper tailing 
cement slurry

The workability of the samples used 
in this study was checked through the 
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implementation of a miniature slump, 
to maintain the recommended slump by 
previous researchers ranging between 
100−200 mm [17], [1]. The slump test 
of the designed mix was 105 mm, which 
corresponds to the recommended slump 
[17], [1].

2.3 Hydraulic conductivity
The constant head method according to 

the ASTM-D5084 [19] was used to carry 
out the permeability test. Computation 
of the coefficient of permeability in this 
study was in line with the implementation 
of Equation 2 [14]. The permeation was 
carried out in the fabricated one-way 
flexible-wall triaxial permeameter. Fig. 1 
is an illustration of a schematic seepage 

Table 1
Components used to fabricate the automated one-way triaxial permeameter 

Material Quantity 
(U)

Material Quantity 
(U)

Plastic washers 8 50 g load cell calibration load 1
One-wire DS18B20 Dallas 
temperature sensor

1 Arduino accessories 1

DHT22 temperature-humidity 
sensor

1 5 kg Load Cell 1

2000gx0.1 Mini Libra 
Accurate Digital Scale

1 AR-2000 Pressure regulators 5

SCM Pipe connectors 12 CASUN 1.0 MPa Pressure Gauge 2
1.6 MPa Water Filter 
Containers

2 ROSS 24 Litre Compressor 1

5 Litre calibrated container 1 G1/4” 5V 0−0.5MPa Pressure 
Transducer Sensor Oil Fuel

1

PU6 Plastic pipe connectors 11 50 mm Porous Stones 6
LSA-6 Plastic pipe connectors 10 50 mm diameter to 100mm height 

plastic moulds
3

Flowmeter connectors 3 Thermometer 1
PY4−6 Plastic pipe connectors 8 XH-W3002 Thermometer 1
6mm Q91SA PN6.4 metal 
connectors 

10 Electrical box (Permeameter outer 
casing)

1

6mm plastic connectors 15 Triaxial cells 1
6mm PVC pipe 1 G1/4 Aluminum Alloy Pressure 

Regulating Valve Air Regulator ml
2

12 v 1A charger 1 Thread tape 3

Fig. 1. Schematic diagram of the flexible-wall 
permeameter 
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permeability testing apparatus. After 
the required curing period for the three 
specimens, they were removed from the 
fog room, and thereafter the specimens 
were saturated until they reached a degree 
of saturation of >96%, followed by a 
permeability test. The determination of 
the coefficient of hydraulic conductivity 
was highly influenced by the applied 
confining and effective pressure [20]. 

 .
ql

k
hA

=
∆  (2)

Where: q = discharge (m3/s), k = 
coefficient of permeability (m/s), h

i
l
∆

=  
hydraulic gradient, l = thickness of 
the sample (m), wu h= ∆ ⋅ γ  pore water 
pressure (kPa) and A = area of sample (m2). 
Unit weight of water of 39.81 /w kN mγ = , 
∆h = pressure head (m). The pore water 
pressure and confining pressure can 
be determined using Equation 3 and 4 
respectively [14], [21]. Therefore, the top 
back pressure was considered to be null in 
the confining pressure determination.

 ( )1 2

1
2

3
u p p= +  (3)

 ( )1 2

1
2

3C C Cu p p′ ′σ = σ + = σ + +  (4)

where: p1 = top back pressure and p2 = 
bottom back pressure

The one-way flexible-wall triaxial 
permeameter operates on a permeation 
seepage pressure basis. This is because 
the one-way flexible triaxial permeameter 
does not use the top backpressure. The 
seepage pressure can be calculated 
from the equation s whσ = ∆ ⋅ γ , where 

39.81 /w kN mγ =  is the unit weight of 
water, , ∆h = Acting pressure head (m) 
[22]. Therefore, applying Equations 3 and 
4 will result in the erroneous application 
of the required confining pressure. On 
the other hand, there is insufficient data 
in the literature on the determination of 
the required effective stress during the 

permeation using a one-way permeameter. 
However, due to the advantages offered 
by the Arduino data logging system, it is 
possible to investigate the determination 
of the required confinement and seepage 
pressures. The seepage pressure σS was 
kept constant at 134kPa to determine the 
required contact pressure and the rising 
differential pressure. Thereafter, the 
confining pressure was increased every 
hour, and the experiment lasted 8 hours 
32 minutes, which allowed 60 records 
per hour to be recorded. The total number 
of records in the database was 511 
records. However, the first record was 
deleted because the Arduino scale were 
placed on the tare at the beginning of the 
experiment. Therefore, the total number 
of records used in machine learning to 
determine the stability area was 510. The 
application of artificial neural networks 
(ANNs) in geotechnical engineering has 
been investigated by other researchers 
[23], [28]. However, in this study, an ANN 
was used to predict mass and hydraulic 
conductivity coefficient from the logged 
data. Through the use of the ANN, it 
was found that the stability region of 
the pressure drop was within 46−57%, 
which coincides with the logging 
dataset. A logistic model was fitted for 
the dependence of duration (seconds) 
on the coefficient of permeability and 
the percentage difference between the 
confining pressure and seepage pressure 
on the coefficient of permeability, as 
shown in Fig. 2. Applying a confining 
pressure greater than 57% resulted in a 
decrease in the coefficient of hydraulic 
conductivity. This phenomenon can be 
seen in Fig. 2, where the coefficient 
of permeability reached a steady state. 
Further increasing confining pressure 
resulted in a steady decrease in the 
coefficient of permeability. This could 
possibly be a result of the peripheral 
voids being clogged with the emulsion 
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used to reduce the seepage of water 
between the contact of the CTCS sample 
and the rubber membrane. Taking 
into account the differential pressure 
stability region, Equation 5 can be used 
to determine the effective stress and 
Equation 6 can be used to determine the 
confining pressures. 

 C d s sp′σ = ⋅ σ + σ  (5)

 C C s′σ = σ + σ  or 2C d s spσ = ⋅ σ + ⋅ σ  (6)

In this study, the acting water head 
was 11.7 m, resulting in the seepage 
pressure 115s kPaσ = . Effective stress 
w 181C kPa′σ =  and confining pressure 

296C kPaσ =  were used to execute the 
permeability testing. Fig. 3 shows the 
self-fabricated automated data logging 
flexible-wall triaxial permeameter. 

2.4 Experimental procedures
The methodology used for this 

study is shown in Fig. 4. First, a one-
way permeameter was designed. After 
the fabrication of the permeameter, the 
Arduino sensors were connected to 

the hardware. The connection of many 
Arduino sensors to the Arduino Uno 
is directly accompanied by voltage 
fluctuations. Therefore, in order to cut 
off the voltage fluctuations and noise in 
the designed circuit connection, it was 
necessary to introduce an electrolyte 
capacitor, some resistors, and an inductor, 
as shown in Fig. 5. The load cell was 
calibrated using a modified calibration 
code from Sparkfun [29]. The HX711 
Arduino Library from Sparkfun was also 

Fig. 2. Required stable confining pressure for the soil-cement sample

Fig. 3. Self-fabricated permeameter 
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Fig. 4. Flow Chart of the research methodology

Fig. 5. One-Way Triaxial Permeameter Data Logger
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used [29]. The programmed Arduino scale 
can accurately measure instantaneous 
loads from 1 gram to 5000 g. 

3 Results and discussion
3.1 Datalogger
The automation of the data logging was 

done using Arduino sensors and an Arduino 
Uno microcontroller. After the sensors were 
connected, the data logger was programmed 
using the Arduino programming language, 
and the “OWTPReal Time Data Logger 
VS.2.2.1” software for individual data 
logging was programmed using Visual 
Basic Language, which is present in the 
integrated development environment 
Visual Studio [30]. The Arduino data 
logger and data logging software were 
programmed to read a signal every 60 
seconds. The data logger can record the 
time in seconds (hours: minutes: seconds), 
date, current humidity, room temperature, 
water temperature, backpressure and the 
mass of seeped water. The temperature 
compensation code for the load cell was 
written in the Arduino code. Fig. 6 is the 
graphical user interface of the developed 
data logging application.

3.2 Load cell creeping
Other investigators have studied 

the load cell response to creep and 
recovery [11], [12], [31], [33]. In this 
study, a 50 g constant load was used to 
investigate the creep characteristics of 
the 5-kilogramArduino load cell at room 
temperature and humidity in real-time. It 
was found that the creep of the load cell is 
strongly influenced by temperature. This 
coincides with the documented results by 
Mohamed et al., which state that the creep 
of the load cell is strongly influenced by 
the thermoelastic effect [12]. Moreover, 
in this study, it was discovered that real-
time humidity also has an effect on the 
creep of the load cell. The HK12-P138B 
0.5 MPa pressure sensor was found to 
have no effect on the creep characteristics 
of the load cell as it was an independent 
sensor and was connected to a separate 
power supply from the Arduino Uno. 
The standard deviations of the mass from 
the regression analysis for days one, 
two, three, four, and five erewere 1.08, 
1.99, 1.68, 0.99, and 0.75, respectively. 
Fig.s 7(A), (B), (C) and (D) show the 
regression analysis for time versus mass, 

Fig. 6. The graphical user interface of the developed data logging application
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time versus room temperature, time versus 
water temperature, and mass versus water 
temperatures for the first-day dataset. In 
addition, the variance of the first-day data 
set was 1.16 and the average mass was 
51.77 g. Fig. 7 shows that temperature has 
a great effect on the creep characteristic 
of the load cell. Upon completion of 
the regression analysis for each day, the 
recorded data were combined to determine 
that the creep characteristic for the five 
days of the study had a variance of 4.4, a 
standard deviation of 2.1, and an average 
mass value of 49.93 g. 

3.3 Constant load prediction
The load applied to the load cell as a 

result of the accumulation of the seepage 
water into the beaker can be considered 
as a dynamic load because of the nature 
of the application. Therefore, it became 
necessary to investigate the prediction 
of a 50 g constant load using ANN from 
the recorded data, where the two hidden 

layers were applied to each ANN model 
used in this study. However, to execute the 
ANN-based prediction, ANN prediction 
was first performed on individual datasets, 
and the results obtained are shown in 
Fig. 9. Fig. 9 shows that the change in 
constant load for the actual and predicted 
results for one day had a minimum and 
maximum value of 44.00 and 54.00, 
respectively. The five-day data was then 
combined and the ANN shown in Fig. 10 
was implemented to predict the mass of 
the all-in-one dataset (AIOD), the results 
obtained with the AIOD are shown in 
Fig. 11. Fig.s 9 and 11 show that there is 
a strong linear relationship between the 
actual and the predicted values. For this 
reason, the ANN can help to predict mass 
for large data from the Arduino logged 
datasets. The AIOD prediction results 
in Fig. 11 showed a lower coefficient of 
determination than the individual dataset 
prediction results in Fig. 8. A root mean 

Fig. 7. Load cell creeping in relation to the temperature variations
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square error (RMSE) of 0.57 was obtained 
from the AIOD analysis with ANN. 

3.4 Stress-strain and void ratio
The average stress-strain relationship 

of the triplicate CTCS specimens is 
shown in Fig. 12. The average uniaxial 
compressive strength (UCS) and the strain 

of the three specimens were 6.83 MPa 
and 0.06 respectively. The average void 
ratio (e) for the tested CTCS specimens 
was 0.36. An increase in the void ratio 
increases the area available for fluid flow, 
thereby increasing the permeability for 
critical conditions. 

Fig. 8. Relationship between actual and predicted results

Fig. 9. Artificial Neural Network for AIOD
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3.5 Arduino load cell creeping with 
dynamic load

Before start ing the hydraulic 
conductivity testing, the beaker was 
weighed on an accurate Mini Libra 
2000gx0.1 Digital Scale to determine 

the weight of the empty beaker, which 
was subsequently used to compare with 
the final weight in the recorded dataset. 
It was found that the load cell creeping 
under dynamic loading was within 
acceptable limits. Table 2 shows the 

Fig. 10. All-in-one relationship between actual and predicted results

Fig. 11. Stress-Strain relationship for Mindola CTCS
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creep of the Arduino load cell after the 
permeability test. Table 2 shows that the 
weight difference between the standard 
scale and the Arduino scale is consistent 
with the standard deviation determined for 
the creep of the load cell under a constant 
load of 50 g within 24 hours. 

3.6 Hydraulic conductivity prediction
An ANN was used to predict the 

permeability of the tested samples under 
study by applying the logged dataset. Each 
dataset was divided into 80% for training 
and 20% for testing. Fig.s 13, 15, and 17 
show the ANN for specimens I, II, and 
III respectively, while Fig.s 14, 16, and 
18 show the coefficient of permeability 

as a function of duration in seconds for 
specimens I, II, and III, respectively. 
Each specimen was tested separately by 
applying the same confining and seepage 
pressures. The RMSE of specimen I was 
6.24e–11, predicted mean was 1.55e–9 and 
the actual mean was 1.59e–9; the RMSE, 
predicted mean, and the actual mean of 
specimen II were 7.15e–11, 1.721e–9 and 
1.75e–9, respectively, while the RMSE, 
predicted mean and the actual mean for 
specimen III were 2.0e–10, 2.26e–9, and 
2.42e–9, respectively. 

The exponential asymptotic regression 
models were fitted to the ANN results 
by iteration in the OriginPro program. In 

Table 2
Load cell creeping for a dynamic load
Sample 

ID
Mass of empty 

beaker
Mass of beaker on 
the standard scale 

after testing

The final mass 
of seeped 

water

Final mass 
on Arduino 

Scale

Difference  
in mass

I 109.4 273.3 163.9 165 1.1

II 109.5 265.7 156.2 154 -2.2

III 109.4 358.9 249.5 250 0.5

Fig. 12. Artificial neural network for specimen (I)
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the case of a non-continuous monitoring 
permeameter system, it can be deduced that 
specimen I reached its steady state between 
20000−45000 seconds, as shown in Fig. 14. 

However, due to the change in temperature 
between 45000−75700 seconds, there 
was an increment in the coefficient of 
permeability, because of the change in the 

Fig. 13. Hydraulic Conductivity of CTCS specimen (I)

Fig. 14. Artificial neural network for specimen (II)
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water viscosity, resulting in an increment 
in the amount of water flowing through the 
specimen. Fig. 16 shows a typical steady-
state condition because the duration of 
temperature change was shorter than that 

of specimens I and III. This is because the 
viscosity of water did not alter the results 
as shown in Fig. 20. Fig. 20 shows the 
temperature change during the permeation 
of the three specimens [4], [34]. 

Fig. 15. Hydraulic Conductivity of CTCS specimen (II)

Fig. 16. Artificial neural network for specimen (III)
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Finally, the datasets from specimens 
I, II, and III were combined to predict 
the all-in-one coefficient of permeability. 
It was found that the RMSE was 3.10e-

10 m/s, the predicted mean value was 

1.73e-9m/s, and the actual mean value 
was 1.92e-9 m/s. Therefore, the coefficient 
of permeability for the tested CTCS was 
1.73e-9 m/s with a very high coefficient of 
determination.

Fig. 17. Hydraulic Conductivity of CTCS specimen (III)

Fig. 18. Artificial neural network for all-in-one actual vs predicted
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4.0 Conclusions
This study presents the research of 

possible applications of Arduino sensors 
and microcontrollers in the fabrication 
of a one-way triaxial permeameter. 
Automation of a one-way flexible-wall 
triaxial permeameter was investigated and 
implemented at a cost of $2970. 

Data acquisition from the one-way 
triaxial permeameter was automated using 
Arduino sensors and a microcontroller. The 
Arduino microcontroller was programmed 
using Arduino Language, and the data 
logging application was programmed using 
Visual Basic Language in the Visual Studio 
integrated development environment. The 

Fig. 19. Temperature change in relation to the duration

Fig. 20. Relationship between all-in-one actual and predicted
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Arduino sensors and the microcontroller 
were found to be suitable for use in real-
time permeameter fabrication. 

Environmental factors that affect the 
creep of the load cell were investigated. 
Real-time temperature fluctuations were 
found to be one of the main factors 
affecting the creep of the load cell. The 
creep of the load cell over 24 hours 
was found to be within the acceptable 
limit for permeability determination. 
The environmental factor in hydraulic 
conductivity testing affects not only water 
viscosity but also pressure regulators. 

The stability of using the Arduino load 
cell to measure the effluent water was 
investigated using the artificial neural 

network. Therefore, the Arduino load cell 
can register a dynamic load like seepage 
water from the petameter with an accuracy 
of 0−2.4 g for 24 hours.

The prediction of hydraulic conductivity 
using machine learning has been found to be 
an ideal method that can be implemented to 
accurately predict the hydraulic conductivity 
of porous materials. Therefore, this 
methodology can help to determine hydraulic 
conductivity from the logged data with a high 
coefficient of determination R2> 0.90. 
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