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Abstract: In the process of oil exploitation, the water level of an oil well can be predicted and the
position of reservoir can be estimated by measuring the water content of crude oil, with reference for
the automatic production of high efficiency in the oil field. In this paper, a visual measuring method
for water content of crude oil is proposed. The oil and water in crude oil samples were separated
by centrifugation, distillation or electric dehydration, and a water–oil layered mixture was formed
according to the unequal densities. Then the volume ratio of water and oil was analyzed by digital
image processing, and the water content and oil content was able to be calculated. A new method for
measuring water content of crude oil based on IGAVD (image grayscale accumulated value difference)
is proposed, which overcomes the uncertainty caused by environmental illumination and improves
the measurement accuracy. In order to verify the effectiveness of the algorithm, a miniaturization and
low-cost system prototype was developed. The experimental results show that the average power
consumption is about 165 mW and the measuring error is less than 1.0%. At the same time, the
real-time and remote transmission about measurement results can be realized.
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1. Introduction

Crude oil moisture content is a vital parameter in the petroleum exploitation and petrochemical
industries, and it has significant reference value to crude oil processing, storage, transportation, and
pricing. By measuring the water content of crude oil, the position of reservoir can be estimated in
time [1–3]. For measurement of water in crude oil, there are two major categories which are online and
offline [4].

In 2009, a method for the determination of water content in crude oil mixture by microwave
technology was proposed by Makeev et al. [5,6]. Sharma et al. did more research on this method
to a high degree [7]. In 1995, García-Golding et Al. measured water content in crude oil using the
conductivity principle [8]. Chang et al. studied a method of measuring water content in crude oil
based on ultra-short-wave technology in 2008 [9]. In 2008, Zhao et al. proposed spectral absorption
method to measure water content of crude oil [10]. A high-resolution capacitive sensing system was
proposed by Aslam et al. in order to measure water content of crude oil in 2014 [11,12]. The methods
mentioned above are online measuring methods. They can measure water content accurately in crude
oil samples in real and short time and reduce the labor intensity in the production process. However,
online methods have some insurmountable disadvantages. They have stringent requirements on the
measuring environment and devices, such as the alkanes and hydrocarbons in crude oil, and the
temperature of the environment also has a negative influence on the measurement results.

The traditional distillation, centrifuge, electric dehydration, as well as the Karl-Fischer titration
belong to the offline measurement methods [13–17]. The main principle of distillation is to separate
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water from petroleum in crude oil samples by a certain chemical substance. On this basis, the volume
of water and oil are measured separately to calculate the water content of crude oil. For the Karl-Fischer
titration, quantitative chemical reagents are added to the crude oil to measure the water content by
chemical reaction [15–17]. Offline methods are classical methods. In recent years, those methods have
been improved significantly in terms of accuracy and application scope. Those methods are reliable
and less sensitive to oil emulsification. However, the measuring process of the offline measurements is
complicated and the measuring cycle is longer compared to online measurements.

In recent years, digital image processing has become a popular and attractive research area. The
technology has been widely used in artificial intelligence, industrial detection, and so on, and has
promoted the development of relevant disciplines [18–20]. Computer vision provides another new way
to measure water content of crude oil. Over the years, many research efforts have been performed to
estimate the level of liquid in transparent containers. For example, Takagi et al. designed a liquid level
measuring device based on computer vision technology [21]. They detected the horizontal position of
the liquid level by locating the inflection point on the liquid interface of slanted metal strip placed
in the liquid. Batagelj et al. proposed an automatic calibration method based on computer vision
technology for liquid level in glass thermometers [22]. Chakravarthy et al. studied an optical imaging
system based on computer vision to detect the liquid level in a closed container [23]. Beyond those, a
liquid level measuring device on image processing technology was proposed by Yu [24]. In addition,
Wang [25] as well as Eppel [26] studied the applications of computer vision in liquid level detection.
The horizontal liquid level detection technology on computer vision is increasingly popular and
belongs to the typical non-contact liquid level measurement. Compared with the contact liquid level
measurements, this method can be effectively applied to the liquid level measurement of corrosive and
explosive liquids as well as other special application scenarios.

The methods of measuring water content mentioned above are based on the principle that the
physical or chemical properties of each component in crude oil sample are different. They have gained
excellent achievements in practical application. Evans et al. indicated that visualization technology is
indispensable and crucial for the development of the oil and gas industry [27]. An increasing number
of relevant studies are well adapted to the development trend of automation and intellectualization
in the field of petroleum. Guilherme et al. applied cutting image analysis to petroleum well drilling
monitoring in order to assist the drilling process [28]. Wang et al. studied a visualization method
to detect gas–oil–water flow in horizontal pipelines [29]. Sun et al. proposed two geovisualization
methods, associating the spatial information of wells with rules in oil and gas well data to gain a better
understanding of oil well conditions [30].

However, the methods based on image processing are rarely found in existing references for
the measuring water content in crude oil. By referring to these already used methods, the method
proposed in this paper combines computer vision with water content measuring method and extends
computer vision to a new application field. This method can automatically measure after separating
water–oil from the sample. It is slightly different from the traditional methods as most of traditional
off-line methods measure the content manually. The proposed method is a novel non-contact automatic
measurement technology. A prototype was designed in order to verify the feasibility and validity of the
method and its technical indicators. The prototype of system principle is currently used in laboratory
measurement. In the ensuing research, we will optimize the prototype. This method is suitable for the
scenarios where transparent containers are used to hold the samples after separating oil and water.

It needs to be considered that timely measurement is extremely crucial for predicting the water
level in the well and estimating the position of the oil layer. However, the geographical locations
of the oil fields are relatively remote and it is difficult to ensure that professional technicians would
work all day on the job. Therefore, remote data transmission and device control have been added
to the measurement system to further improve the automation of the device after fulfilling accurate
measurement for water content of crude oil.
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This paper is organized as follows. In Section 2, the proposed method for the water content of
crude oil using computer vision is discussed. In Section 3, the implementation of the proposed method
is discussed and a prototype of the system is developed. In Section 4, the system performance test is
introduced and the test accuracy of the new method proposed in this paper is measured to verify the
effectiveness of this method. Finally, some conclusions are drawn in Section 5.

2. Measurement for the Water Content of Crude Oil Based on Computer Vision

2.1. Method Overview

The technical scheme on measuring the water content in crude oil based on computer vision
presented in this paper is shown in Figure 1 and can be specifically expressed as follows. First, in
order to promote the separation of oil and water molecules, the crude samples were treated by electric
dehydration. Then, the oil phase and the water phase were separated, and a water–oil layered mixture
having a clear color difference was obtained. On this basis, a low-cost general-purpose image sensor
was used to collect the RGB image of the mixture and the transparent container, and the microprocessor
converted the RGB image into a grayscale image. The grayscale accumulated value difference (IGAVD)
algorithm was used to detect the interfaces of air–oil, oil–water, and water–container bottom, as well as
obtain their corresponding coordinate positions. Finally, the water content and oil content in the sample
were measured according to two-dimensional image plane correspondence. The IGAVD algorithm
improved the applicability of the measuring device to some extent, which overcame the uncertainty
caused by environmental factors and improved the measurement accuracy.
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Figure 1. Block diagram of water content of crude oil measurement based on computer vision.

2.2. Proposed Algorithm

The corresponding coordinate positions of each boundary can be detected by the IGAVD algorithm
to calculate the water and oil contents in the crude oil sample. The algorithm includes three steps:
Image preprocessing, accumulating the gray values, and finding first derivative of the accumulations.

2.2.1. Image Preprocessing

A low-cost, general-purpose image sensor was used to acquire RGB image of the transparent
container containing layered crude oil sample, as shown in Figure 2. A frame of image was stored in
FIFO (first in first out). MCU synchronized FIFO timing sequences to read the image data collected
by the sensor, and then performed image data processing [31]. Using FIFO to buffer image data can
reduce the frequency requirement of the image processing unit, so that general MCU can be used.
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Figure 2. RGB image of the crude oil to be tested.

The RGB image contains the information of luminance, and chrominance, each color is composed
of red, green, and blue superimposed in unequal intensities [32–34]. Each pixel can be regarded as a
three-dimensional vector. RGB image has some disadvantages, such as cumbersome processing, long
operation cycle, and large storage memory. In practical applications, the spatial uniformity of RGB
images is inferior, and changes in color are difficult to detect by image sensors [20,35–37]. In the actual
measurement, it was found that the image in RGB was affected by environmental factors greatly, and
the edges could not be identified accurately and quickly. It was obvious that encoding image data in
RGB format could not fulfill the need of efficient and reliable requirements in practical application of
oil fields.

YUV is a color space commonly used in computer vision. Some studies proved that YUV color
space is more suitable for computer vision than RGB color space [34,38]. Y channel in YUV color space
represents luminance, U and V represent chrominance and chroma and carry color information. YUV
color space separates luminance and chrominance [39–41]. For a human visual system, luminance is
often more important than chrominance and chroma, and so is computer vision. In RGB color space,
luminance, chrominance, and chroma are combined together, and some small changes are difficult to
be recognized by the computer. In order to have a better application about computer vision, based on
the variation relationship between RGB and YUV color space, the correspondence between Y, U, V, and
R, G, B color components of pixels is established [40,42].
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Li et al. [43] indicated that Y component in YUV color space can describe the grayscale value of
the image. The grayscale value is a constrained linear combination of R, G, and B channels of the input
color image. The weights of R, G, and B are 0.299, 0.587, and 0.114, respectively, and their summation
is 1.

Gray0 = R× 0.299 + G× 0.587 + B× 0.114 (2)

Grayscale image contains no chrominance and chroma information, only luminance, each pixel
is equivalent to a one-dimensional vector [20,44]. From the perspective of the overall brightness
distribution feature of the image, the grayscale image and the RGB image describes the consistent
feature. Compared with RGB image, the amounts of redundant information and image data to be
processed in grayscale image are reduced, and the storage memory is lower, so that the general-purpose
MCU can quickly and accurately process the collected water–oil layered mixture image.
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MCU Arithmetic Logic Unit calculating speed about floating-point is slow. Equation (3) enlarges
the floating-point coefficients of Equation (2) by 1000 times and converts them into integer, and then
reduces the coefficients by 1000 times to ensure the same conversion relationship between RGB and
gray images. For Equation (3) to be rounded, 500 is added to the divisor.

Gray1 =
R× 299 + G× 587 + B× 114 + 500

1000
(3)

However, processing data with Equation (3) could cause some problems, such as slow data
calculating speed and low accuracy, which could not meet the basic requirements of water content
testing. The MCU Arithmetic Logic Unit has a better mastery of handling integer and shift operations
than division. As shown in Equation (4), firstly, the coefficients 0.299, 0.587, and 0.114 of the three
components R, G, and B in Equation (2) are expanded by 65,536 (216) times and then rightly shifted
by 16 bits to achieve the reduction of the corresponding coefficient, which is substantially divided by
65,536 (216). The symbol� denotes right-shift operation.

Gray2 = (R× 19, 595 + G× 38, 469 + B× 7472)� 16 (4)

In relation with the features of Arithmetic Logic Unit, Equation (4) combines integer operation
with shift operation, and it is used in MCU program running on the prototype. The operations in
Equation (4) could shorten the conversion time from RGB to gray, save the memory of MCU, and
reduce the energy consumption of the device. These advantages could accord with the requirements of
fast speed, high precision, and low energy consumption in measuring process to a certain extent.

The gray image is shown in Figure 3. In the RGB image, the upper oil part of the water–oil layered
mixture is darker and the lower water part is lighter in color. In Figure 3, it can be seen that the oil is
brighter and it is distinguished more easily. For a 256-level grayscale image, the white grayscale value
is the largest, which is 255, and the black grayscale value is the smallest, which is 0 [20]. Converting
RGB image to gray image makes MCU easier to process the data.
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2.2.2. Accumulating the Gray Values

As can be seen in Figure 3, the gray image shows that the oil–water interface is still fuzzy. This is
due to the influence of electronic and environmental noise.

IGAVD algorithm accumulates gray value by Equation (5) for the purpose of reducing the impact
on image.

C(y) =
m−1∑
x=0

F(x, y) (5)
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C(y) denotes the total summation of the accumulated gray value of the horizontal pixels, F(x, y)
represents the grayscale value of each pixel in the two-dimensional image, and m is the total number
of the horizontal pixels.

The algorithm accumulates the grayscale of each horizontal pixel according to the same Y-axis in
Figure 3, the data curve of accumulated value is shown in Figure 4. Finally, each Y-axis corresponding
grayscale accumulated value is stored in RAM of the MCU. The influence of noise is weakened to some
extent by accumulating the grayscale value, the edges of the image are enhanced in this way as well.Sensors 2019, 19, x FOR PEER REVIEW 6 of 16 
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Where Ya is the coordinate position of the air–oil boundary, Yb is the coordinate position of the
oil–water boundary, Yc is the coordinate position of the container’s bottom. Ca, Cb, and Cc are the
grayscale accumulated values of the corresponding positions.

2.2.3. Finding First Derivative of the Accumulations

It can be seen in Figure 4 that the grayscale accumulated value of the upper oil part is lower and
the grayscale accumulated value of the water part is higher. The corresponding coordinates of the
concave portion in Figure 4 are the positions of oil in the two-dimensional image. The coordinates
of each component in the water–oil layered mixture can be obtained by finding the mutations of the
grayscale accumulated values.

This paper proposed the IGAVD algorithm. According to the sharp changes of the gray value at
the edges of the image and gradient operators [20,45] on the basis of one-dimensional gray accumulated
value data curve, the accumulated grayscale value of adjacent coordinates is processed by calculating
first derivative in turn, and the absolute value of the result is obtained. Difference processing as:

D(y) =
∣∣∣∣∣∂C∂y

∣∣∣∣∣ = ∣∣∣C(y + 1) −C(y)
∣∣∣ (6)

where y = 1, 2, . . . N−1 and N are the number of vertical pixels in a two-dimensional plane. Because
the subtraction cannot be zero, the gray accumulated value at y = 0 is removed and y = 1 is used to
replace y = 0 as the first subtraction in our algorithm.

The results are shown in Figure 5.
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After calculating the difference results, three local maxima are found by multiple traversing and
polling. Operations like these can effectively prevent non-edge pixels from being detected. According
to the principle of gray image edge detection, the gray difference values of edge pixels are larger than
that of other regions in the image. In the entire range, the coordinates of three local maxima are the
coordinates of the air–oil boundary, the oil–water boundary, and the bottom of the container. The
related difference values are Da, Db, and Dc. The water content and oil content in the mixture can be
calculated according to the corresponding coordinates:

Ratio1 =
Yc −Yb
Yc −Ya

× 100%, (7)

Ratio2 =
Yb −Ya

Yc −Ya
× 100%, (8)

where Ratio1 represents the water content in the mixture and Ratio2 represents the oil content.

3. System Design and Implementation

In order to verify the validity of the proposed method, we further developed a miniaturized and
low-cost prototype for measuring water content in crude oil.

3.1. Hardware Design

The hardware system includes image acquisition device, MCU master control device, data
transmission device, and data display device as shown in Figure 6.
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The image acquisition device uses CMOS VGA image sensor-OV7670 produced by OmniVision
(Santa Clara, CA, USA). All image processing functions of the sensor, including white balance and
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chroma, can be programmed through SCCB (serial camera control bus) interface, and the focal length
can be adjusted manually. In the application proposed in this paper, the camera is configured to acquire
images with the resolution of 320 × 240 pixels (QVGA size) in RGB565 image format. The resolution of
the obtained images is consistent with the resolution of TFTLCD carried by MCU. The OV7670 image
sensor is connected to the FIFO chip AL422B with memory capacity of 384 KB, and the acquired image
data is stored in the AL422B chip temporarily. When using the sensor, the relevant pins are controlled
according to the sequential time of the data reading by FIFO. After the IO pins of MCU read the image
data in the buffer, it is further manipulated and the image is displayed on TFTLCD.

The master control device uses a 32-bit microcontroller STM32F103ZET6 chip manufactured by
STMicroelectronics (Geneva, Switzerland), which is based on ARM Cortex™-M3 processor developed
by ARM (Cambridge, UK). The I/O voltage is 3.3 V, and the Flash capacity is 512 K. The chip has the
advantages of large capacity, low cost, high performance, and low power consumption. The control
module is mainly composed of this chip, which controls image acquisition and data reading of OV7670
image sensor. The RGB565 format image is transformed into a grayscale image, and the proportion of
oil in water–oil layered mixture is calculated by IGAVD algorithm. The master control device carries
LED illumination compensation to assist the image data acquisition of OV7670, the on-load TFTLCD
displays the collected images and adjusts the range of the images by pressing keys.

The data transmission device consists of offline data transmission and online data transmission.
Offline data transmission completes the communication between MCU and PC through serial port. In
this way, the results are transmitted directly to the serial port debugging software of PC without the
need of LAN or WAN. The ESP8266 UART-WIFI module produced by AI-THINKER (Shenzhen, China)
is used for online data transmission. The communication between MCU and PC can be accomplished
by using this module through LAN or WAN, and the result calculated by MCU can be sent to the
server through wireless network using TCP/IP protocol.

The data display device can display the proportional data in the PC serial port debugging software
or PC monitor software made by us. Data sent directly to PC through MCU serial port is displayed in
serial debugging software, and data uploaded to the server through ESP8266 UART-WIFI module is
displayed on PC monitor software.

3.2. Software Design

The program of IGAVD algorithm is developed on Keil uVision5 made by Keil Software (Plano,
TX, USA) platform. The block diagram of the IGAVD algorithm is shown in Figure 7.
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4. Experimental Results

Illumination is the main factor impacting the input of computer vision. In order to test the goodness
and accuracy of the implemented system, we tested the best light intensity of the measuring device
firstly. The experimental data in the testing procession was oil content in water–oil layered mixture.

The features such as contrast, brightness, robustness, and uniformity should be considered
when choosing the light source [46]. Oil and water need to have obvious color characteristics in the
measurement system, and the color characteristics of other factors in the experimental environment
should be weakened substantially. As far as possible, the light source is insensitive to the position of
the container, and does not produce mirror reflection on the outer wall of the container. The image
contrast of the oil–water mixture collected by the sensor is blurred if the light intensity is not sufficient.
In this case, the possibility of noise on the image will increase, and random light will also have an
impact on the image.
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In the process of validating the proposed method, it was found that the biggest factor affecting
the accuracy was light brightness. To this end, the light compensation (made by LEDs, each LED’s
power was 1 W) was added to the device, and the adjustable image acquisition range function was set.
These configurations could avoid the noise caused by the light brightness and filter out the noise from
other factors in the environment, so as to improve the measurement accuracy. The light compensation
could be operated to adjust the brightness intensity and assist image sensor to complete image data
acquisition when the environment lighting conditions were weak.

Figure 8 shows the grayscale images of water–oil layered mixture collected by the image sensor
under different light intensities. The lower the illumination intensities, the more noise would appear
on the images.

Sensors 2019, 19, x FOR PEER REVIEW 10 of 16 

 

In the process of validating the proposed method, it was found that the biggest factor affecting 
the accuracy was light brightness. To this end, the light compensation (made by LEDs, each LED’s 
power was 1 W) was added to the device, and the adjustable image acquisition range function was 
set. These configurations could avoid the noise caused by the light brightness and filter out the noise 
from other factors in the environment, so as to improve the measurement accuracy. The light 
compensation could be operated to adjust the brightness intensity and assist image sensor to 
complete image data acquisition when the environment lighting conditions were weak. 

Figure 8 shows the grayscale images of water–oil layered mixture collected by the image sensor 
under different light intensities. The lower the illumination intensities, the more noise would appear 
on the images. 

           
 (a) 5 Lux  (b) 30 Lux  (c) 55 Lux 

            
 (d) 80 Lux (e) 105 Lux (f) 130 Lux 

           
 (g) 155 Lux (h) 180 Lux  (i) 205 Lux 

Figure 8. Grayscale images of the water–oil layered mixture of different illumination intensities. 

During the experiments, the illumination of the environment was changed to verify the impact 
of brightness on computer vision. A total of 10 experiments were repeated under the same light 
intensity. The average value of ten data was taken as the final result and the standard deviation was 
calculated. Figure 9 and Table 1 show the test results under different illumination intensities. 

Table 1 shows the comparisons whether or not to add the illumination compensation. According 
to Table 1, the accuracy of test results is lower when no light relatively compensation is added. The 
test results fluctuated less after adding illumination compensation. The experimental data shows that 
the light source with uniform brightness was able to bring out apparent contradistinction on the 

Figure 8. Grayscale images of the water–oil layered mixture of different illumination intensities.

During the experiments, the illumination of the environment was changed to verify the impact of
brightness on computer vision. A total of 10 experiments were repeated under the same light intensity.
The average value of ten data was taken as the final result and the standard deviation was calculated.
Figure 9 and Table 1 show the test results under different illumination intensities.
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Table 1. Measurement accuracy comparisons with or without illumination compensation.

Ordinary Environment Add Lighting Compensation

Light intensity when steady/Lux 95 25
Fluctuating ranges −2.07%~+1.43% −0.73%~+1.09%

Table 1 shows the comparisons whether or not to add the illumination compensation. According
to Table 1, the accuracy of test results is lower when no light relatively compensation is added. The test
results fluctuated less after adding illumination compensation. The experimental data shows that the
light source with uniform brightness was able to bring out apparent contradistinction on the image,
which met the basic light source selection requirements. During the system testing, light was provided
by the experimental environment and illumination compensation, and there were no other obvious
external light sources in the experimental environment.

A total of 10 repeated tests were conducted on the sample with the same oil content under the
condition of 125 Lux. Since the electric dehydration measured the water content of the crude oil by
reading the volume artificially, 10 different people were asked to read the volume in the volumetric
cylinder to calculate the oil content. For the proposed method, the prototype was used to conduct 10
repeated experiments on each one. As for the two different methods, we used the average values of
the measuring data as the final experimental results and calculated the standard deviation as well.
Figure 10 shows the comparisons for the two different methods’ test results.
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In experimenting, the volume of the mixture is 100 mL and the oil volume in the sample changed
from 0% to 100%. Figure 10 shows that with increasing oil content, the measurement error of the
traditional method increases, and the measurement accuracy decreases gradually. Compared with the
traditional method (Table 2), the proposed method is more stable, and the errors are always within 1%.
Due to that the electric dehydration method detects water content by measuring the volume of water
in the mixture after separation. Moreover, the measurement process of this method needs manual
operation, which makes its steps complicated. To some extent, people’s subjective feelings would
affect the accuracy of measurement results and lead to larger errors about the electric dehydration,
but computer vision technology would not be affected by this. Therefore, the proposed method is
simpler, faster, and less affected by unrelated factors such as manual operation. In addition, it has
higher measurement accuracy.

Table 2. Comparison of detection results with the proposed method and traditional offline method.

Electric Dehydration Method Proposed Method

Measurement accuracy −6.86% ~ +6.98% −0.97%~+0.85%
Measurement range 0%–40% 0%–100%

Operation type Human operation Automatic control

Referring to previous researchers’ papers, we compared the methods proposed in this paper with
distillation method, capacitance method, and shortwave absorption method. The operation process
of distillation method is mainly completed by being tested in the laboratory. Artificial factors have
negative impacts on the measuring results and sampling process of crude oil is random. It has good
accuracy when water content is less than 1% [14]. The measurement accuracy of shortwave absorption
method is about ±3% and the measurement range for water content ranges from 0% to 100% [9]. The
equipment about this method has the disadvantages of complex debugging, difficult operation, and
maintenance, as well as high application costs. The measurement error of capacitance method is within
±3%, and the measurement range for water content is 0%–100% [47]. This method is easy to operate
and has high applicability. However, capacitance method belongs to contact measurement and sensor
electrodes are vulnerable to crude oil corrosion. Therefore, this method is not suitable for a long-term
measurement of water content.

The experimental results showed that measuring time of the prototype is no more than 3.5 s and
the testing result can be updated for 1.5 times per second after the system initialization ending. The
average power consumption is about 165 mW and the relative error is no more than 1.0%. Figure 11
shows the practical photograph of the measuring system. Moreover, the system can send real-time
measurement results to the server through the UART-WIFI device. The interface of the host computer
is shown in Figure 12. These indexes proved that the method has the advantages of wide measurement
range, less susceptibility to environmental impaction, and high measurement accuracy.
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5. Conclusions

This paper proposed a visual measurement method for water content of crude oil based on
computer vision. A low-cost, universal camera was used to photograph images of water–oil layered
mixture and transparent container. Then, the pixels of each component in the water–oil layered mixture
were detected by IGAVD algorithm, with the water content and oil content in crude oil calculated as
well. The measurement results were sent to the server in real-time to realize remote transmitting.

This method overcame the shortcomings of low automation and long measuring periods of
traditional methods. It was able to realize accurate measurement for water content of crude oil, and
the measuring error was less than 1%. To a certain extent, the proposed method overcame the key
technical obstacles restricting the automation and informationization for measuring water content in
petrochemical industry. Measuring the water content accurately is of great referential significance for
determining water and oil producing horizon, predicting oil wells’ production life, and the productivity
of wells. The proposed method has the characteristics of high applicability and low cost. The embedded
system proposed in this paper is only a prototype of the principle. The main purpose of designing
the prototype is to verify the feasibility of the proposed method and the technical indicators under
different circumstances. It is not a system designed for the actual production of oil fields at present.



Sensors 2019, 19, 2963 14 of 16

We take into account the application of the system in actual oilfields as our future research plan. In the
following research, the prototype will be improved and transformed, including optimizing the system
circuit and the device’s external form, producing PCB board in order to make it more suitable for the
application of the actual test scenarios.

In addition, the proposed method could be applied to the scenarios where Wang et al. [25] and
Eppel et al. [26] had studied for detecting the liquid level, which is expected to provide technical
reference for other measurement projects.

Author Contributions: Conceptualization, S.T. and J.P.; methodology, S.T. and J.P.; software, B.C.; validation, Q.L.;
formal analysis, Q.L.; investigation, Q.L. and B.C.; resources, Q.L.; data curation, S.T.; writing—original draft
preparation, Q.L. and B.C.

Funding: This research was funded by Natural Science Basic Research Plan in Shaanxi Province of China (Grant
NO. 2018JM1025), the National Natural Science Foundation of China (Grant NO. 11403018), and Training Program
of Innovation and Entrepreneurship for College Students in Shaanxi Province of China (Grant NO.201910697004).

Acknowledgments: The authors would like to acknowledge the contributions from High-Frequency Circuits Lab
and Intelligent Image Processing Lab of School of Information and Technology, Northwest University.

Conflicts of Interest: The authors declare that they have no conflict of interest or financial conflicts to disclose.

References

1. Fingas, M.; Fieldhouse, B. Studies on water-in-oil products from crude oils and petroleum products. Mar.
Pollut. Bull. 2012, 64, 272–283. [CrossRef] [PubMed]

2. Margolis, S.A.; Hagwood, C. The determination of water in crude oil and transformer oil reference materials.
Anal. Bioanal. Chem. 2003, 376, 260–269. [CrossRef] [PubMed]

3. Jones, D.S.J. Introduction to Crude Oil and Petroleum Processing; Springer International Publishing: Basel,
Switzerland, 2014.

4. Zhi, Q.L.; Xiao, Y.; Kun, Z.; Jian, X.W.; Wu, J.J.; Chen, J.; Li, J.Z. Non-contact measurement of the water
content in crude oil with all-optical detection. Energy Fuels 2015, 29, 2919–2922.

5. Makeyev, Y.V.; Lifanov, A.P.; Sovloukov, A.S. On-line microwave measurement of crude oil water content.
In Proceedings of the 2009 19th International Crimean Conference Microwave & Telecommunication
Technology, Sevastopol, Ukraine, 14–18 September 2009.

6. Makeyev, Y.V.; Lifanov, A.P.; Sovlukov, A.S. Microwave measurement of water content in flowing crude oil
with improved accuracy. In Proceedings of the 2014 24th International Crimean Conference Microwave &
Telecommunication Technology, Sevastopol, Ukraine, 7–13 September 2014.

7. Sharma, P.; Lao, L.; Falcone, G. A microwave cavity resonator sensor for water-in-oil measurements. Sens.
Actuators B Chem. 2018, 262, 200–210. [CrossRef]

8. García-Golding, F.; Giallorenzo, M.; Moreno, N.; Chang, V. Sensor for determining the water content of
oil-in-water emulsion by specific admittance measurement. Sens. Actuators A Phys. 1995, 47, 337–341.

9. Chang, L.; Xiu, G.Y. Research on ultra short wave method to measure water content of crude oil.
In Proceedings of the 2008 9th International Conference on Signal Processing, Beijing, China, 26–29
October 2008; pp. 2956–2959.

10. Zhao, Y.; Yang, J.; Wang, J.Q.; Gui, F.X. High-accuracy low-water-content measurement of crude oil based on
a near-infrared spectral absorption method. Opt. Eng. 2004, 43, 2216–2218. [CrossRef]

11. Aslam, M.Z.; Tang, T.B. A High Resolution Capacitive Sensing System for the Measurement of Water Content
in Crude Oil. Sensors 2014, 14, 11351–11361. [CrossRef]

12. Aslam, M. Differential capacitive sensor based interface circuit design for accurate measurement of water
content in crude oil. In Proceedings of the 2014 5th International Conference on Intelligent and Advanced
Systems (ICIAS), Kuala Lumpur, Malaysia, 3–5 June 2014.

13. Manovyan, A.K.; Lozin, V.V.; Khachaturova, D.A. Laboratory unit for distillation of crude oils and products.
Chem. Technol. Fuels Oils 1983, 19, 185–189. [CrossRef]

14. Samborskaya, M.; Gusev, V.; Gryaznova, I.; Vdovushkina, N.; Volf, A. Crude Oil Distillation with Superheated
Water Steam: Parametrical Sensitivity and Optimization. Procedia Chem. 2014, 10, 337–342. [CrossRef]

http://dx.doi.org/10.1016/j.marpolbul.2011.11.019
http://www.ncbi.nlm.nih.gov/pubmed/22183525
http://dx.doi.org/10.1007/s00216-003-1865-6
http://www.ncbi.nlm.nih.gov/pubmed/12748749
http://dx.doi.org/10.1016/j.snb.2018.01.211
http://dx.doi.org/10.1117/1.1783291
http://dx.doi.org/10.3390/s140711351
http://dx.doi.org/10.1007/BF00731001
http://dx.doi.org/10.1016/j.proche.2014.10.057


Sensors 2019, 19, 2963 15 of 16

15. De Alencar, A.L.S.; Fernandes, V.C.S.; De Amorim, M.B.; Costa, K.C.D.O.; Ferreira, A.L.D.S.; De Oliveira, E.C.;
Oliveira, E.C. Quality versus economical aspects in determination of water in crude oils: Centrifuge method
or potentiometric Karl Fischer titration. Pet. Sci. Technol. 2016, 34, 287–294. [CrossRef]

16. Kågevall, I.; Åström, O.; Cedergren, A. Determination of water by flow-injection analysis with the karl fischer
reagent. Anal. Chim. Acta 1980, 114, 199–208. [CrossRef]

17. Zhang, X.M.; Zhang, Y.B.; Chen, B.; Li, P.; Guo, Y.C.; Li, J.H. Error Analysis on the Determination of Moisture
in Oil by Karl Fischer Method. Appl. Mech. Mater. 2012, 155, 995–999. [CrossRef]

18. Deligiannis, N.; Mota, J.F.C.; Cornelis, B.; Rodrigues, M.R.D.; Daubechies, I. Multi-Modal Dictionary Learning
for Image Separation with Application in Art Investigation. IEEE Trans. Image Process. 2017, 26, 751–764.
[CrossRef] [PubMed]

19. Dixit, R.; Naskar, R. Review, analysis and parameterisation of techniques for copy–move forgery detection in
digital images. IET Image Process. 2017, 11, 746–759. [CrossRef]

20. Gonzalez, R.C.; Woods, R.E. Digital Image Processing, 4th ed.; Pearson Education Ltd: New York, NY,
USA, 2018.

21. Takagi, Y.; Tsujikawa, A.; Takato, M.; Saito, T.; Kaida, M. Development of a noncontact liquid level measuring
system using image processing. Water Sci. Technol. 1998, 37, 381–387. [CrossRef]

22. Batagelj, V.; Bojkovski, J.; Pusnik, I.; Drnovsek, J. Automation of reading of liquid-in-glass thermometers.
In Proceedings of the 17th IEEE Instrumentation and Measurement Technology Conference, Baltimore, MD,
USA, 1–4 May 2000.

23. Kasturi, R.; Chakravarthy, S.; Sharma, R. Noncontact level sensing technique using computer vision. IEEE
Trans. Instrum. Meas. 2002, 51, 353–361.

24. Yu, C. Liquid level measurement by using an image method. In Proceedings of the 2014 12th International
Conference on Signal Processing (ICSP), Hangzhou, China, 19–23 October 2014.

25. Wang, T.H.; Lu, M.C.; Hsu, C.C.; Chen, C.C.; Tan, J.D. Liquid-level measurement using a single digital
camera. Measurement 2009, 42, 604–610. [CrossRef]

26. Eppel, S. Tracing Liquid Level and Material Boundaries in Transparent Vessels Using the Graph Cut Computer
Vision Approach. arXiv 2016, arXiv:1602.00177.

27. Evans, F.; Volz, W.; Dorn, G.; Fröhlich, B.; M Roberts, D. Future trends in oil and gas visualization. In
Proceedings of the Conference on Visualization, Boston, MA, USA, 27 October–1 November 2002; IEEE
Computer Society: Washington, DC, USA, 2002.

28. Guilherme, I.R.; Marana, A.N.; Papa, J.P.; Chiachia, G.; Afonso, L.C.; Miura, K.; Ferreira, M.V.; Torres, F.
Petroleum well drilling monitoring through cutting image analysis and artificial intelligence techniques.
Eng. Appl. Artif. Intell. 2011, 24, 201–207. [CrossRef]

29. Wang, Q.; Wang, M.; Wei, K.; Qiu, C. Visualization of Gas-Oil-Water Flow in Horizontal Pipeline Using
Dual-Modality Electrical Tomographic Systems. IEEE Sens. J. 2017, 17, 8146–8156. [CrossRef]

30. Sun, X.; Wang, X. Geovisualization for Association Rule Mining in Oil and Gas Well Data. ISPRS Int. J.
Geo-Inf. 2017, 6, 48. [CrossRef]

31. Mercè, T.; Davinia, F.; Tomàs, P.; Marcel, T.; Miquel, N.; Jordi, P. An embedded real-time red peach detection
system based on an OV7670 camera, ARM cortex-M4 processor and 3D look-up tables. Sensors 2012, 12,
14129–14143.

32. Vandenbroucke, N.; Macaire, L.; Postaire, J.G. Color image segmentation by pixel classification in an adapted
hybrid color space. Application to soccer image analysis. Comput. Vis. Image Underst. 2003, 90, 190–216.
[CrossRef]

33. Loesdau, M.; Chabrier, S.; Gabillon, A. Hue and Saturation in the RGB Color Space. In Proceedings of the
Image and Signal Processing, Cherbourg, France, 30 June–2 July 2014; pp. 203–212.

34. Podpora, M.; Paweł Korba´s, G.; Kawala-Janik, A. YUV vs RGB–Choosing a Color Space for Human-Machine
Interaction. Comput. Sci. Inf. Syst. 2014, 3, 29–34.

35. Nandal, A.; Bhaskar, V.; Dhaka, A. Contrast-based image enhancement algorithm using grey-scale and colour
space. IET Signal Process. 2018, 12, 514–521. [CrossRef]

36. Hyun, M.K.; Woo, S.K.; Dae, S.C. A new color transform for RGB coding. In Proceedings of the 2004
International Conference on Image Processing, Singapore, 24–27 October 2004.

37. Lu, H.Y.; Liu, Q.G.; Wang, Y.H.; Deng, X.H. A two-stage parametric subspace model for efficient
contrast-preserving decolorization. Front. Inf. Technol. Electron. Eng. 2017, 18, 1874–1882. [CrossRef]

http://dx.doi.org/10.1080/10916466.2015.1086881
http://dx.doi.org/10.1016/S0003-2670(01)84291-4
http://dx.doi.org/10.4028/www.scientific.net/AMM.155-156.995
http://dx.doi.org/10.1109/TIP.2016.2623484
http://www.ncbi.nlm.nih.gov/pubmed/27831873
http://dx.doi.org/10.1049/iet-ipr.2016.0322
http://dx.doi.org/10.2166/wst.1998.0564
http://dx.doi.org/10.1016/j.measurement.2008.10.006
http://dx.doi.org/10.1016/j.engappai.2010.04.002
http://dx.doi.org/10.1109/JSEN.2017.2714686
http://dx.doi.org/10.3390/ijgi6020048
http://dx.doi.org/10.1016/S1077-3142(03)00025-0
http://dx.doi.org/10.1049/iet-spr.2017.0272
http://dx.doi.org/10.1631/FITEE.1600017


Sensors 2019, 19, 2963 16 of 16

38. Podpora, M. YUV Vs RGB–A Comparsion of lossy compressions for human-priented man-machine interfaces.
III SWD Conf. Proc. 2009, 1429–1533.

39. Nobuhara, H.; Hirota, K.; Martino, F.D.; Pedrycz, W.; Sessa, S. Fuzzy Relation Equations for
Compression/Decompression Processes of Colour Images in the RGB and YUV Colour Spaces. Fuzzy
Optim. Decis. Mak. 2005, 4, 235–246. [CrossRef]

40. Gunjal, B.L.; Mali, S.N. Comparative Performance Analysis of DWT-SVD BasedColor Image Watermarking
Technique in YUV, RGB and YIQ Color Spaces. Int. J. Comput. Theory Eng. 2011, 3, 714–719. [CrossRef]

41. Kekre, H.B.; Thepade, S.D. Color Traits Transfer to Grayscale Images. In Proceedings of the 2008 First
International Conference on Emerging Trends in Engineering and Technology, Nagpur, Maharashtra, India,
16–18 July 2008.

42. Chaves-González, J.M.; Vega-Rodríguez, M.A.; Gomez-Pulido, J.A.; Sánchez-Pérez, J.M. Detecting skin in
face recognition systems: A colour spaces study. Digit. Signal Process. 2010, 20, 806–823. [CrossRef]

43. Li, Y.X.; Li, Z.; Fan, J.H.; Jia, Z.Y. New approach to characterize the configuration of fractured rock surface
indirectly. Surf. Rev. Lett. 2015, 22, 1550008. [CrossRef]

44. Kuhn, G.R.; Oliveira, M.M.; Fernandes, L.A.F. An improved contrast enhancing approach for
color-to-grayscale mappings. Vis. Comput. 2008, 24, 505–514. [CrossRef]

45. David, R.M.; Carless, C.F.; Jitendra, M. Learning to Detect Natural Image Boundaries Using Local Brightness,
Color, and Texture Cues. IEEE Trans. Pattern Anal. Mach. Int. 2004, 26, 530–549.

46. Pfeifer, T.; Wiegers, L. Reliable tool wear monitoring by optimized image and illumination control in machine
vision. Measurement 2000, 28, 209–218. [CrossRef]

47. Sun, R.; Ji, N.; Guo, L.; Tian, Y.; Chen, X. The Measurement System of the Water Content in Crude Oil.
In Proceedings of the 2010 International Conference on Measuring Technology and Mechatronics Automation,
Changsha, China, 13–14 March 2010.

© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1007/s10700-005-1892-1
http://dx.doi.org/10.7763/IJCTE.2011.V3.397
http://dx.doi.org/10.1016/j.dsp.2009.10.008
http://dx.doi.org/10.1142/S0218625X15500080
http://dx.doi.org/10.1007/s00371-008-0231-2
http://dx.doi.org/10.1016/S0263-2241(00)00014-2
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Measurement for the Water Content of Crude Oil Based on Computer Vision 
	Method Overview 
	Proposed Algorithm 
	Image Preprocessing 
	Accumulating the Gray Values 
	Finding First Derivative of the Accumulations 


	System Design and Implementation 
	Hardware Design 
	Software Design 

	Experimental Results 
	Conclusions 
	References

