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Abstract: This study proposes practical methods for estimating the moisture content of
sludge, represented by the cake moisture, in the filter press dewatering process. Because the
cake moisture and filtrate volume are difficult to measure directly, the proposed approaches
utilize indirectly measurable data, including drain outlet images and the differential pres-
sure during the compression phase. By analyzing the correlations between these parameters
and the cake moisture, estimation models were developed using mathematical approx-
imations. In the image-based approach, image processing techniques were applied to
isolate the dewatered region, and the relationship between the pixel count and actual
filtrate volume was analyzed to estimate the cake moisture based on the calculated fil-
trate volume per minute. In the pressure-based approach, two models were proposed:
one that directly estimates the cake moisture from the differential pressure, and another
that models the relationship among the differential pressure, filtrate volume, and cake
moisture. Unlike complex machine learning techniques, the proposed methods employ
simple and interpretable mathematical functions, offering both practicality and reliability.
Validation using real-world operational data confirmed the accuracy and effectiveness of
the proposed approaches.

Keywords: cake moisture; compression time; filter press; filtrate volume; image analysis;
mathematical function; regression model; sludge concentration

1. Introduction

Sewage sludge typically contains 92-99.5% water, necessitating efficient dewatering
techniques. Filter presses, widely used for solid-liquid separation, achieve dewatering
by applying pressure differentials [1-4]. In operation, an external pumping system feeds
sludge slurry into filtration chambers, where water pressure compresses the sludge cake [5].
This process offers several advantages, including high filtration efficiency and reduced
final moisture content in the filter cake (cake moisture) [6].

However, many filter presses lack dedicated sensors for monitoring sludge dewatering.
As a result, human operators must manually determine the appropriate compression time,
often relying on visual estimation of the filtrate volume and daily fluctuations in sludge char-
acteristics [7]. In recent works, innovative technologies have been developed in improving
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sludge dewaterability and various approaches utilizing machine learning and nonlinear pre-
dictive models have been proposed to automate the dewatering process [8—29]. For example,
Liu and You [12] investigated the optimization of concentrated pressure filtration and
demonstrated that support vector regression (SVR) achieved high accuracy in predicting
the optimal dewatering times in industrial simulations. Yao et al. [13] proposed a real-time
monitoring method using machine vision and a convolutional neural network with multil-
abel learning to analyze the filtrate flow. Similarly, Masoume et al. [16] applied random
forest regression (RFR) and SVR to predict the cake moisture, concluding that the RFR
model outperformed SVR.

While these machine learning-based approaches have achieved moderate success,
they typically require large volumes of high-quality data and significant computational
resources. Moreover, their black-box nature often limits model interpretability, raising
concerns about reliability in practical applications.

With this background, this study proposes a regression-based approach grounded
in mathematical functions, designed for practical deployment in industrial systems. By
analyzing correlations between indirectly measurable parameters and the cake moisture,
we developed a model that is both computationally efficient and theoretically interpretable.
Mathematical functions offer a transparent means to describe the relationships between
various indirect indicators and the cake moisture, providing a practical alternative to
complex machine learning models.

The cake moisture, which represents the percentage of water retained in the sludge, is
directly related to both the filtrate volume and the volume flow rate—the amount of water
that passes through the filter [14]. However, directly measuring the volume flow rate in
real time is difficult due to the large volume of filtrate discharged, especially during the
initial stage of the dewatering process. Consequently, we estimate the cake moisture using
indirectly measurable data, such as images of the drain outlet and instrument readings
(e.g., differential pressure).

In this study, we installed a fixed-position camera to capture two-dimensional images
of the drain outlet, enabling indirect estimation of the filtrate volume. These images visually
represent the amount of filtrate during the measurement period. In the proposed image-
based approach, image processing techniques were applied to isolate the water regions
within the images. Through analysis of the correlation between the number of pixels in
these regions and the actual filtrate volume, a mathematical approximation was formulated
to estimate the filtrate from the image data.

On the other hand, the differential pressure was employed as an easily measurable
indicator. Defined as the pressure difference between the slurry and the pressurized water,
this pressure tends to be lower when the cake moisture is high and increases as the moisture
content decreases. To investigate this relationship, a sampling survey was conducted to
analyze correlations among the differential pressure, cake moisture, and volume flow rate.
Based on these analyses, a mathematical regression model was developed to approximate
the relationships among the three variables.

For estimating the cake moisture, two approaches are proposed in this study: one that
directly estimates the cake moisture from the differential pressure, and another that infers
the volume flow rate from the differential pressure and subsequently estimates the cake
moisture. A comparative validation using operational data collected over different months
was conducted to assess the practical effectiveness of both approaches.

The combination of image analysis and the differential pressure for cake moisture
estimation is the main contribution of this study. The models proposed in this study are
simple mathematical models instead of complex machine learning approaches, offering
both practicality and reliability for actual operation in industrial systems.
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The remainder of this paper is organized as follows: Section 2 discusses the sludge
dewatering process in filter presses in detail. Section 3 describes the procedures and
models used for estimating the volume flow rate and cake moisture. Section 4 presents
the estimation results, corresponding discussions in Section 5, and Section 6 describes
the conclusions.

2. Sludge Dewatering in Filter Press Process

A filter press is used to separate solids and liquids via filtration and compression
processes. The purpose of this process is to reduce the percentage of cake moisture. Figure 1
shows the flowsheet of the filter press provided by Tsukishima JFE Aqua Solution Co.,
Ltd. (Kawasaki, Japan). The filter press has two different pumps: a slurry feed pump
and a pressurized water pump, which produce two types of pressures. Table 1 shows the
specifications of these sensors. During dewatering, the volume flow rate (Q) represents the
amount of water (filtrate) passing through the filtration area per unit time.

Filtrate
(Separated water)

Control Panel

Slurry Feed Pump Pressurized Water Pump

Figure 1. Flowsheet of filter press in sludge dewatering.

Table 1. Specifications of pressure sensors.

Description Slurry Feed Pressure Pressurized Water

Pressure
Type KEYENCE GP-MO025 KEYENCE GP-M025
Pressure Range —0.1 to 2.5 MPa —0.1to 2.5 MPa
Output 4to20MaD.C. 4to20Ma D.C.

Notably, the filtrate is measured every minute. However, because of the limitation
of measuring the large initial filtrate volume, no flow data was available for the first
few minutes of dewatering. Filtrate flow information was only recorded during the final
minutes before stopping. The volume flow rate was also measured only in the last minutes
of compression, not from the beginning of the process. In addition, the cake moisture was
measured only before starting dewatering and after stopping compression. However, the
cake moisture in the last minutes of compression can be calculated using the volume flow
rate information.
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During the measuring time, a visible camera is also installed to capture the image of
the filtrate (Figure 2). Table 2 shows the camera and lighting specifications. The volume
flow rate can be estimated by using this captured filtrate image per unit time.

Length (Pixel)

0 200 400 600 800 1000 1200
Width (Pixel)

Figure 2. Filtrate image captured by a visible-light camera during measuring process. Sample data: 8
February 2023.

Table 2. Camera and lighting specifications.

Camera Lightning
Model: Canon VB-M44 (Tokyo, Japan) Model: NYT1031NLE9
Resolution: 1280 x 720 Color Temperature: 5000 K
Frame Rate: 15 fps Luminous Flux: 3445 Im

There are six stages of dewatering in a filter press: tightening, filtration, compression,
blowing, discharging, and washing (Figure 3). In this study, we focused only on two
processes: filtration (stage 2) and compression (stage 3). During the filtration process, a
slurry feed pump feeds the slurry into the filter chamber, and the filtrate exits the filter.
Compression is initiated when the filtrate flow decreases.

7'\| Clamping Process |«iw

Filtration Chamber

Filtrate

- - _ _— Discharging | -
Filtration Process | ] | 4 | =) Process | Washing Process
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‘Wash
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Figure 3. Stages of dewatering process in filter press: (1) tightening process, (2) filtration process,
(3) compression process, (4) blowing process, (5) discharging process, (6) washing process.
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The compression process uses pressurized water, which increases when the slurry
pressure decreases (Figure 4). The difference between these two pressures is called the
differential pressure. The trend in the differential pressure over one day is shown in Figure 5
(middle). It increases over time until the compression process is complete. The differential
pressure increases as the cake moisture increases (Figure 5, left). However, the volume flow
rate decreases (Figure 5, right). Table 3 shows the descriptive statistics (mean, standard
deviation, and range) of these three dewatering parameters in one day.
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Figure 5. Trend of dewatering parameters in one sample day (22 September 2022): calculated cake
moisture (left), differential pressure (middle), and volume flow rate (right).

Table 3. Descriptive statistics for dewatering parameters.

Dewatering Parameters

Descriptive Differential  Volume Flow Rat
Statistics . o ifferentia olume Flow Rate
Cake Moisture (%) Pressure (MPa) (L/min)
Mean 62.62 0.44 10.19
Standard Deviation 1.81 0.06 14.32
Range 61.1-66.77 0.35-0.42 1.52-46.6

Controlling the compression time is important because this process consumes more
energy than other processes. Our approach attempts to control the compression time using
existing measurement equipment without the need to add new measurement devices.

However, due to data limitations, the time analysis in this study focused only on the

measurement time of the volume flow rate. Figure 3 shows the sample data for 22 September

2022, where the measurement time during the compression process was 10 min before
stopping; the entire process took 25 min. Negative values of the time show the time before
the compression stops. A value of zero indicates the stopping time.
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3. Methodology and Proposed Models

In this section, we explain the flowchart of this study and the proposed model for the
estimation of the volume flow rate and cake moisture, a key parameter that controls the
compression time in the sludge dewatering process. In this study, we used Python 3.11 as
the software for data analysis and data visualization. Table 4 shows the packages for image
processing and regression model analysis.

Table 4. Python packages for image processing and regression model analysis.

Techniques Packages
Image Processing OpenCV, matplotlib, mediapy
Regression Model Sckit = learn, SciPy, statistics

3.1. Methodology

The volume flow rate is a strongly related parameter to the cake moisture. In this
study, we used two different pieces of information to estimate the volume flow rate: an
image of the filtrate and the differential pressure (Figure 6). In the image analysis, the
image thresholding method is selected for the image segmentation technique and cubic
polynomial regression for the volume flow rate estimation [30,31]. The relationship between
the differential pressure and volume flow rate follows the exponential decay function.

model

[ Exponential Decay ]

Differential
Pressuic model
\ Estimated Volume Linear Estimated
Flow Rate Regression Cake Moisture

Image of
Filtrate model

O Image Thresholding

QO Cubic Polynomial ==p Differential Pressure

Figure 6. Flowchart of comparison between image analysis and differential pressure for volume flow
rate and cake moisture estimation.

A regression model based on a mathematical function was selected to estimate the
cake moisture, the important parameter for controlling the compression time following
this research flowchart in Figure 7. As mentioned earlier, we considered two approaches
for estimating the cake moisture. In the first approach, we used the differential pressure
directly to estimate the cake moisture. In the second approach, the differential pressure was
used to estimate the filtrate flow using an exponential decay function. The cake moisture
was estimated from the estimated filtrate flow. In the first approach, we applied cubic
polynomial regression, whereas in the second approach, linear regression was selected. The
stopping time was determined based on the target cake moisture condition (65-70%). This
study focuses on the last stage of dewatering, which is the time when the volume flow rate
is measured. This stage is called the sampling time.
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Figure 7. Flowchart of controlling the compression time from estimated cake moisture condition
with two approaches using mathematical models: exponential decay, linear regression, and cubic
polynomial regression.

3.2. Proposed Model
3.2.1. Image Thresholding

There are many image segmentation techniques that have been developed in computer
vision. Image thresholding is one of the simple yet powerful methods to highlight the
target object from its background [30]. The first step of this method is as follows: change
the image of the filtrate and its background (Figure 2) into grayscale images.

Figure 8 shows the difference between the two images and the bright part is assumed
to be water. For further analysis, the filtrate area is manually cropped to limit the analysis
area. Since the camera position is not moving during the measuring process, the cropping
size is the same for all images.
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Figure 8. The difference between grayscale image with filtrate and its background (above) and the
cropping size of the analysis area (below).

The binary image of the target object (filtrate) is separated from its background following

o= {3 0T



Processes 2025, 13, 1919

8 of 19

where T is the threshold value determined based on the color intensity of the grayscale
image (0-255). The image thresholding method changes the grayscale image to a binary
(black and white) image. The normalized scale for a binary image is 0 for black color and
1 for white color. Finally, the pixel numbers of the white color represent the pixel number
of the filtrate. In this study, we selected Otsu’s method for an automatic technique that
calculates the optimal threshold value by minimizing the intra class variance based on the
observed distribution of the pixel values.

In an ideal situation, there are 60 filtrate images that are captured every minute to
represent one value of the filtrate flow rate. However, some images cannot be used for
analysis because the filtrate is obscured by a ladle, the measurement tool used to measure
the volume of filtrate every minute. In this case, blurred images are excluded because
the filtrate cannot be clearly seen in the image. For this reason, we used the average
value of the pixel numbers of the filtrate image in one minute to estimate the volume flow
rate. Based on the relationship between the pixel numbers and volume flow rate [31], we
proposed polynomial regression for the estimation. Since real water is three dimensions,
cubic polynomial regression (degree three) was the selected model.

In this study, we compared the results of the estimated volume flow rate based on the
image analysis with the estimated flow rate based on the differential pressure.

3.2.2. Regression Model Based on Mathematical Analysis

Exponential decay has been used in various systems [32-36]. In this study, the vol-
ume flow rate decreased over time following an exponential decay function, which is
mathematically expressed as

y= ae "+ ¢ )

where vy is the estimated volume flow rate (L/min), x is the time step (min), a is the
amplitude related to the initial value (L/min), b is the decay factor (L/ min?), and c is a
constant (L/min). When ¢ = 0, the optimum values of parameters a and b are determined
using least-squares fitting as follows:
L Tl Ry X (vilny) — Ty Geaye) Ty (xiyidny) 3)
Y vilin (Fvi) — (T xiy;)?
Yis1 Yoy (xaylnyi) — Yty (xiyi) g (vilnyi)
Y yilie (Fyi) — (T xiy;)”

Here, n is the total sample data and i is some individual sample indexed, where

b:

(4)

ie€{l,2, ..., n} In this study, parameter a is the initial volume flow rate, parameter b
controls the speed of dewatering over time (the range between 0 and 1), where a higher
value of b indicates that the dewatering process is faster, and parameter c is the final volume
flow rate before stopping the compression. The most important parameter is the decay
factor b because it represents the portion of the original amount of the volume flow rate
that remains after each time period. The decay factor controls the speed of the decrease in
the volume flow rate in the dewatering process. The speed of the dewatering process is
related to the compression time. Therefore, the compression time can be controlled based
on the number of decay factors.

The cake moisture during the compression and measurement processes was calculated
based on the volume flow rate; hence, we propose a linear regression model as the predic-
tion model. Linear regression assumes that the predicted variable has a strong relationship
with the input (independent) variables as a straight line [37,38] following the equation:

y=ax+p (5)
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where vy is the estimated cake moisture (%), x is the volume flow rate (L/min), « is the
y-axis intercept, and B is the slope or gradient of the line. Linear regression is a first-degree
polynomial regression.

Polynomial regression is generally used when the points in the data are not captured
by linear regression and are modeled as an n-th degree polynomial. It also fits nonlinear
relationships [39]. For a lower degree, the relationship has a specific name: when n = 2,
it is called a quadratic polynomial regression; when n = 3, it is called a cubic polynomial
regression. Some applications of cubic equations in engineering are related to the pressure,
temperature, and specific volume of a substance. Usually, the temperature and pressure
are independent [40]. In this study, we applied cubic polynomial regression to estimate the
cake moisture from the differential pressure as follows:

y:ax3+bx2+cx+d (6)

where y is the estimated cake moisture (%); x is the differential pressure (MPa); and 4, b, c,
and d are the coefficients of the equation, where a is strictly not equal to zero.

The coefficient of determination (R? or R-squared) can be interpreted as the proportion
of variance in the dependent variable that is predictable from the independent variable,
as follows:

b3
RZ -1— zil (7)
5

where y; is the predicted value, 7; is the actual value, and ¥, is the mean of the actual values.
The residual or error (¢) between the estimated and actual values is given by

€= | Yactual —Ypredicted | 8)

where Yactual is the actual data or calculated cake moisture (%) and Ypredicted is the predicted
data or estimated cake moisture (%).

4. Simulation Results

The time for the compression process in sludge dewatering depends on the cake
moisture condition that is estimated using the two approaches: direct estimation from the
indirect indicators, the differential pressure, and another using a closely related parameter,
the volume flow rate. Therefore, first estimating the volume flow rate is vital. The volume
flow rate can be estimated from the captured image of the filtrate and differential pressure.
The result of the estimated volume flow rate was used for the cake moisture estimation and
compared with the cake moisture estimated from the differential pressure.

4.1. Image Thresholding for Detecting the Filtrate Area

In this study, the volume flow rate is estimated from the pixel number of the filtrate in
the 2D image per unit time. The best threshold value of the color intensity is determined
by analyzing the line profile in the image to separate the filtrate area and its background.
The optimum threshold value based on Otsu’s method to distinguish the color intensity of
water and its background is 60. Since the position of the camera does not move during the
measuring time, this threshold value can be used for all the captured images.

Figure 9 (below) shows the binary (black and white) image produced by following
(1) with the white area representing the filtrate area in the image. By calculating the pixel
number of the filtrate, the volume flow rate can be estimated using cubic polynomial
regression (6).
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Figure 9. Original image of filtrate (above) and a binary image of detected filtrate (below).

4.2. Comparison Between Image Analysis and Differential Pressure for Volume Flow Rate and Cake
Moisture Estimation

Figure 10a shows the relationship between the pixel numbers and volume flow rate.
The pixel numbers increase as the volume flow rate increases. However, the differential
decreases following the exponential decay function (Figure 10b). Both figures show the
results of the volume flow rate estimation using two different inputs (pixel numbers and
differential pressure), and two regression models based on mathematical functions (cubic
polynomial and exponential decay).

Estimated Flow (Image Analysis) Estimated Flow (Differential Pressure)

24 e Measured Flow Q IO = J\ ® Measured Flovil) | s
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~~ \e
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Figure 10. The estimated volume flow rate based on the following: pixel number (a) and differential
pressure (b).

The results of the cake moisture estimation from the volume flow rate using linear
regression are represented in Figure 11. The estimation results show both input data are a
suitable model for the cake moisture estimation. However, the comparison of the error in
Figure 12 shows that the cake moisture estimation from the differential pressure gives the
better estimation result compared to the image analysis.
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Figure 11. The estimated cake moisture based on the following: image analysis (a) and differential
pressure (b).
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Figure 12. Error comparison between image analysis and differential pressure.

4.3. Decay Factor for Controling the Compression Time

The previous results show that the differential pressure is a better parameter for
estimating the volume flow rate and cake moisture estimation. The volume flow rate
decreases as the differential pressure increases, following an exponential decay function. In
this simulation, two functions of exponential decay (2) are used for the analysis when ¢ # 0
and ¢ = 0 (Table 5). The optimum values of a and b were determined using least-squares
fitting (3,4).

Table 5. R-squared for estimation results using exponential decay function.

Coefficient of Determination

Date Decay Factor (R-Squared)
c=0 c#0 c=0 c#0
22 September 2022 0.583 0.655 0.9865 0.9902
8 February 2023 0.326 0.341 0.9918 0.9927

Two sample data points were selected for comparing the simulation results of the vol-
ume flow rate using exponential decay functions: the month with the shortest dewatering
time (September) and the month with the longest dewatering time (February). Sample
1 was obtained on 22 September 2022 with a compression time of 25 min and measure-
ment time of 10 min before stopping. Sample 2 was obtained on 8 February 2023, with a
compression time of 45 min and a measurement time of 14 min before stopping.
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Figure 13a,c show the results estimated for the volume flow rate using exponential
decay. The correlation between the volume flow rate and time is shown in Figure 13b,d,
where the volume flow rate decreased over time. From the results of both exponential
decay functions, the decay factor b has only a small difference of 0.072 L/min? for Sample 1
and 0.015 L/min? for Sample 2. Figure 14 shows the monthly average of the decay factor
over one year of data (April 2022-February 2023). The results show that the decay factor
increases from April to September and starts to decrease from October to February.
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Figure 13. Volume flow rate estimation using exponential decay (left) and relationship between
estimated volume flow rate and time (right) using two sample data: (a,b) 22 September 2022 and
(c,d) 8 February 2023. ID number in plot data in the left figure is the same as that in the right figure.
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The value of the decay factor is strongly related to the speed of dewatering; the higher
the decay factor, the faster the dewatering. The decay factor b is a key parameter that
controls the duration of the sludge dewatering process.

4.4. Cake Moisture Estimation Using Two Different Pieces of Information: Differential Pressure
and Volume Flow Rate

Two approaches were used to estimate the cake moisture. In the first approach, the
proposed mathematical model is cubic polynomial regression (6), and the input parameter
is an indirect indicator (differential pressure). The mathematical model selected for the
second approach is linear regression (5), and the input is a closely related parameter, the
volume flow rate. The residual (8) was calculated based on the difference between the
actual and estimated cake moisture to check the accuracy of both approaches.

Two sampling days were selected for the cake moisture estimation. Figure 15a,c
show the results of Approach 1, where the cake moisture decreased as the differential
pressure increased. The relationship between the estimated cake moisture times is given by
Figure 15b,d.
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Figure 15. Cake moisture estimation using differential pressure (approach 1): (a,c) Cubic polynomial
regression for cake moisture estimation. (b,d) Relationship between cake moisture and residual/error.
ID number in plot data in the left figure is the same as that in the right figure.

The results of Approach 2 are shown in Figure 16a,c, where the cake moisture increases
as the volume flow rate increases. The relationship between the estimated cake moisture
times is shown in Figure 16b,d.

The residual (red line) in the figure indicates that both approaches have small errors.
Figure 17 shows a comparison of the estimation results of both approaches and the actual
cake moisture. The monthly average error of the simulation results for a one-year period
(April 2022 to February 2023) is shown in Figure 18.

To strengthen the cake moisture results, Table 6 shows some statistical tests to support
the performance of the regression models.
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Figure 18. Comparison residual of cake moisture estimation between two approaches using monthly
average error.

Table 6. Comparison of errors and statistical tests.

Pressure Sensors

Errors Image Processing Approach 1 Approach 2
MAE 0.603 0.042 0.095
MSE 0.629 0.026 0.012
RMSE 0.793 0.051 0.113
R? 0.988 0.999 0.988

95% CI 0.033-0.145 0.003-0.004 0.015-0.338
p-value <0.001 <0.001 <0.001

4.5. Controlling the Compression Time Based on Estimated Cake Moisture

The compression time of the sludge dewatering was determined based on the target
cake moisture condition (65-70%). Before dewatering began, the cake moisture content
was above 95%, and the compression time was approximately 25-45 min. However, cake
moisture information is only available a few minutes before stopping, with a sampling
time of approximately 10-20 min. On the example day (8 February 2023), the compression
time was 45 min and the sampling time was 14 min, with an initial cake moisture of 74%.
Figure 17 shows that from both approaches, the target cake moisture was achieved at a
sampling time of 9 min. Given that the target is achieved in minute 9, we can save 5 min of
electricity usage for compression, which is important for energy efficiency.

5. Discussion

In the simulation results, the cake moisture was estimated using indirect indicators,
the differential pressure, and related parameters, the volume flow rate. This study pro-
posed a regression model based on a mathematical function such as the exponential decay
function, linear regression, and cubic polynomial regression, instead of machine learning
models. This model is used for describing the relationship between the input and output of
dewatering parameters and for estimating the cake moisture to control the compression
time. The data used in this study is from April 2022 to February 2023.

We compared two different parameters for the volume flow rate estimation: image
analysis and differential pressure analysis. The result of the estimated volume flow rate
is important for cake moisture estimation. Figure 12 shows that the differential pressure
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produced the better results compared to the image analysis because the pressure sensors
perform more stably compared to the image analysis. As mentioned earlier, in an ideal
situation, there are 60 images taken every minute; however, not all images can be used.

The volume flow rate decreases over time, following an exponential decay function
(Figure 5). The most important parameter in this function is the decay factor (b), which
controls the speed of dewatering and the duration of the compression. Figure 14 shows
that the decay factor values increased from April to September and decreased from October
to February. From April to September, the dewatering process accelerated as the decay
factor increased, indicating that the compression time decreased. However, from October
to February, the dewatering process slowed as the decay factor decreased. It took longer for
the compression process to occur during this period. In the estimation results, parameter ¢
represents the volume flow rate at the end of the compression process.

The limitations of this study were that the measurement and compression times were
different. During the first few minutes of compression, measuring the filtrate flow rate
was difficult. Therefore, we only have complete data for all parameters in the last few
minutes before stopping (measurement time). Another limitation of this study was that the
measurement time for each day was different. Therefore, the exponential decay function
needs to be improved to align the measurement and compression times on different days.

Linear regression was selected for estimating the cake moisture using the filtrate
flow rate, and cubic polynomial regression was used with the differential pressure as the
input data. The results show that the estimation errors for both approaches were minimal.
However, in general, Approach 2, which involved estimating the cake moisture using the
volume filtrate rate, provided better results. In the dewatering process, the cake moisture is
the percentage of water content that has a stronger relationship with the flowing filtrate
over time (volume flow rate), as directly measured by the investigation team. In contrast,
the differential pressure is related to the speed of reducing the cake moisture during the
compression process.

To control the optimal time for compression, we used the estimated cake moisture
when the target cake moisture was achieved (65-70%). These two approaches for estimating
the cake moisture yielded similar results for the optimum time to stop dewatering in a filter
press. Figure 17 shows that it is better to stop compression when the angle of the curve
tends to be flat. Controlling the compression time is important to save time and energy.

This study proposed image processing and differential pressure analysis for cake
moisture estimation. The regression model results obtained using these two analyses are
useful for improving transparency in industrial systems and the feasibility of deploying
models in actual operations.

However, in the future, the mathematical function must be improved for achieving the
automatic control of compression with higher accuracy using only existing measurement
devices. As part of our future work, we plan to focus on early-stage data points to predict
future cake moisture conditions by incorporating multiple dimensions of input data and
accounting for the influence of environmental parameters. Furthermore, the effects of
parameters not measured in this study, such as humidity, warrant further investigation.

6. Conclusions

Controlling the compression time of the filter press during sludge dewatering is
important for time and energy efficiencies. The optimum dewatering time for this system
is strongly related to the cake moisture conditions. In this study, the cake moisture had
no direct relationship with the input parameter of the differential pressure. However, this
differential pressure can be used as a closely related parameter, that is, the volume flow rate,
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for cake moisture estimation. The relationship of these dewatering parameters is described
using a regression model based on a mathematical function.

There are two different techniques to estimate the volume flow rate: image analysis
and differential pressure analysis. The results show that estimating using the differential
pressure performs better than image analysis.

The volume flow rate decreased over time as the differential pressure increased,
following an exponential decay function, and the speed of the decrease was different for
each month. The decay factor is an important parameter because it can be used to check the
dewatering speed and control the stopping time. A higher decay factor indicates a faster
dewatering process. The results show that the dewatering process accelerated from April
2022 to September 2022 and slowed from October 2022 to February 2023, with the decay
factor changing in the range 0.30-0.60 L/min?.

The cake moisture was estimated using the following mathematical models: linear
regression and cubic polynomial regression based on the volume flow rate and differential
pressure information, respectively. The results show that the estimation using the volume
filtrate rate was better than that using the differential pressure, mainly because the volume
filtration rate is strongly related to the cake moisture, whereas the differential pressure is
an indirect parameter.

In future work, we will develop a model for estimating future cake moisture conditions
automatically using early-stage dewatering data and apply it for controlling the optimum
time for the dewatering process in the filter press.
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