Environmental Science and Ecotechnology 27 (2025) 100614

Contents lists available at ScienceDirect

Environmental Science and Ecotechnology

11F OR

journal homepage: www.journals.elsevier.com/environmental-science-and-
ecotechnology/

Original Research

Real-time sludge moisture monitoring via jet imaging and deep
learning

()

Check for
updates

Tiefu Xu®, Bo Zhang*?, Yue Sun*®, Man Wang “, Yuejia Chen*®, Penghe Zhu*, Bingiao Ren b
Yanhong Jie?, Guotao Wang "

2 Heilongjiang University, Harbin, 150080, China
b Institute of Advanced Technology, Heilongjiang Academy of Sciences, Harbin, 150009, China

ARTICLE INFO ABSTRACT

Article history:

Received 15 January 2025
Received in revised form
11 August 2025

Accepted 13 August 2025

Waste activated sludge from wastewater treatment plants poses a major environmental challenge, with
its high moisture content complicating disposal and resource recovery processes across global in-
dustries. Efficient sludge management requires precise moisture monitoring to optimize treatment
methods, reduce costs, and enhance outcomes such as anaerobic digestion and composting. Traditional
approaches for moisture measurement are time-intensive and batch-based, while emerging techniques,
such as infrared or nuclear magnetic resonance methods, suffer from inaccuracies, high costs, or limi-
tations in real-time applications. Here we show that sludge jet characteristics, reflecting its non-
Newtonian fluid properties, can be captured via high-speed imaging and analyzed with deep learning
to accurately predict moisture content within 20 s. By developing a laboratory-scale system of
instantaneous capturing of activated sludge jet expansion images (iCASJEI), we acquired over 11,000 jet
images across 79-94 % moisture ranges and trained convolutional neural networks, with VGG-16 out-
performing AlexNet and LeNet under optimized conditions (0.2 MPa pressure, 4 mm aperture),
achieving 93.5 % validation accuracy at 2 % precision and 87.6 % at 1 % precision. These findings show
that incorporating iCASJEI to extract non-Newtonian fluid characteristics from sludge jets with deep
learning algorithms can substantially reduce testing time for sludge moisture content. This approach
could also be applicable to other sectors where non-Newtonian fluid characteristics enable real-time
moisture detection in viscous liquids.
© 2025 The Authors. Published by Elsevier B.V. on behalf of Chinese Society for Environmental Sciences,
Harbin Institute of Technology, Chinese Research Academy of Environmental Sciences. This is an open
access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

In 2020, the production of dry sludge in the European Union
and China exceeded 13.0 million tons and 13.3 million tons,
respectively. Worldwide, the production is projected to increase to
127.5 million tons by 2030, underscoring the critical necessity for
the development and implementation of effective disposal tech-
nologies [1,2]. The management of this sludge constitutes
approximately 30 % of the operational expenses of a typical
municipal wastewater treatment plant (WWTP) [3], depending on
the extent of sludge drying within the facility [4]. Drying sludge is
essential to reducing moisture levels, and it greatly affects
methane yield during subsequent anaerobic digestion [3,5], sludge
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composting efficiency [6,7], heavy metal migration during sludge
incineration [8,9], and the products of sludge thermal hydrolysis
[10-12].

A swift evaluation of sludge moisture levels is crucial for the
effective operation of wastewater treatment processes during
sludge treatment [13]. However, there is currently a lack of a real-
time method for monitoring sludge moisture content, highlighting
a research gap in the sustainable management of sludge.

The moisture content of sludge is related to its rheological
characteristics, including thixotropy, pseudoplastic fluid behavior,
and shear-thinning properties [14-16]. There are four commonly
employed methods for measuring the moisture content of sludge.
First, the thermal drying method is a widely utilized technique
that is favored for its simplicity and accuracy in quantifying sludge
moisture content; however, it is time-consuming, often necessi-
tating more than 4 h for completion [17,18]. Second, the infrared
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method, although quick, is susceptible to inaccuracies when the
samples are small and have a high moisture content. Nonetheless,
it can initiate transformation and carbonization within minutes,
greatly surpassing the hours needed by traditional methods [19].
Third, time domain reflectometry, often used for real-time mois-
ture content assessment during composting, encounters obstacles
due to its sensitivity to temperature rises and the conductivity
limitations of sludge [20,21]. Finally, low-field proton nuclear
magnetic resonance ('"H NMR) spectroscopy, which measures
sludge moisture by correlating NMR signal peaks with hydrogen
protons, offers significant advantages in analyzing water distri-
bution. However, its efficacy is compromised by interference from
various sludge types and reagents, in addition to prohibitive costs,
which restrict its application for moisture testing [22-24]. We
quantified the non-Newtonian fluid properties of sludge and in-
tegrated machine learning and sludge recognition technologies to
develop a novel approach that addresses the shortcomings of
existing methods for detecting sludge moisture content.

A correlation can be established between the fluid behavior of
sludge and its moisture content based on its rheological proper-
ties. Sludge behaves as a Newtonian fluid when its moisture con-
tent exceeds 97 % [25]. Conversely, it exhibits non-Newtonian fluid
characteristics when the moisture content falls below 97 % [26].
This non-Newtonian behavior includes shear thinning (moisture
content between 94 % and 96 %) [27], thixotropy (moisture content
between 93 % and 85 %) [28], and viscoelasticity (moisture content
below 85 %) [29]. Through this analysis, a theoretical evaluation of
the rheological characteristics of sludge enables an estimation of
its moisture content. For example, Wang et al. examined the
rheological properties of three different types of sludge during the
dewatering process, observing variations in rheological properties
with varying moisture contents. Their study ultimately predicted
the rheological behavior of sludge, with moisture contents ranging
from 70 % to 85 % [30].

Moisture content in sludge is hypothesized to be assessable
through jet images of mixed liquor (JIML), which leverage the
analysis of non-Newtonian fluid jets. These jets offer high repro-
ducibility, low operational complexity, and rapid assessment. JIML
shows considerable promise for evaluating the moisture content of
sludge due to its efficiency and reliability. The primary challenge
resides in the capability to conduct large-scale JIML for model
training and validation. In this study, we present a deep learning
method based on jet image features. We established a sewage jet
system and compared the results under various conditions with
different model parameters. The aim is to establish a fast, real-time
method for measuring sludge water content using instantaneous
capture of activated sludge jet images (iCASJEI). Our results indi-
cate a correlation between the non-Newtonian fluid properties of
sludge and its moisture content.

2. Materials and methods
2.1. Sludge and sample preparation

The moisture content data used for training the models were
obtained from samples collected at three WWTPs. These WWTPs
manage daily sewage treatment volumes of approximately 50,000,
100,000, and 150,000 tons, resulting in dewatered sludge outputs
of 160, 280, and 450 tons, respectively. Each WWTP operates under
a cyclic activated sludge system, with sludge dewatering facili-
tated using belt-type filters following the addition of poly-
acrylamide. The annual average moisture content of the processed
sludge is 81-87 %.

Sludge samples collected from sludge treated by filter presses
or dehydrators in sewage plants were promptly placed in ice-filled
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containers and transported to a cold storage room maintained at
4 °C within a 4-h period, where they remained until required for
use. The fundamental properties of the sludge, including moisture
content, pH, the ratio of total suspended solids to volatile sus-
pended solids (VSS/TSS), conductivity, median particle diameter
(dos), and apparent viscosity, were assessed following established
standard methods [31] (Table 1). For indicators such as moisture
content, the measurement accuracy was precisely controlled
within a specific range (e.g., moisture content accuracy of +0.1)
and determined using methods such as heating and drying. The pH
was measured using a laboratory pH meter. For VSS/TSS, with
measurement methods involving heating and drying. Conductivity
was measured with an accuracy of +0.1 using a conductivity me-
ter. Median particle size (+0.1) was measured using a laser particle
analyzer, and apparent viscosity (+0.5) was measured using a
rotational viscometer.

We utilized deionized water to prepare the sludge samples,
which exhibited moisture contents ranging from 87 % to 94 %. To
obtain sludge samples with a reduced moisture content (79-86 %),
a low-temperature (60 °C) drying process was employed for
varying durations. Consequently, 16 distinct sludge samples with
moisture contents ranging from 79 % to 94 % were successfully
prepared, with each sample differing by 1 % in moisture content,
thereby creating a continuous concentration gradient. Subse-
quently, the actual moisture content of each sludge sample was
validated using conventional methods, with discrepancies from
the target moisture content remaining below a specified threshold
(5 %o).

2.2. Instantaneous capturing of JIML

We developed a laboratory-scale apparatus designed to capture
images of sludge jets. The apparatus comprises four primary
components: a stabilized gas supply unit, a stamping unit, a fluidic
element, and an image acquisition unit (Fig. 1 and Table 2). The
operation of the entire process of the JIML test consists of ten
steps: (1) activate the air compressor and adjust the pressure
regulator until a stable reading is achieved; (2) load the prepared
sludge sample into the jet cavity and agitate it thoroughly using an
ultrasonic oscillator for uniformity; (3) assemble and seal the
nozzle before positioning it upside down beneath the shockproof
table; (4) ensure consistent illumination of 5120 + 100 lux beneath
the table using a fill light; (5) capture image data with a high-
speed camera at 260 frames per second; (6) remove the sealing
piece from the jet cavity after the high-speed camera is activated;
(7) initiate the stamping system with compressed air from the air
compressor driving the stamping bolt downward; (8) initiate the
jet flow by sludge within the cavity extruded downward through
the nozzle; (9) reset the cylinder automatically and deactivate the
high-speed camera upon the jet flow completely; and (10) edit and
save the raw data (Supplementary Table S1). The reaction chamber
strictly adheres to the standardized pretreatment protocol,
involving sequential high-pressure water jet rinsing and ultrasonic
oscillation cleaning. The statistical analysis of the raw dataset in-
dicates that the residual rate consistently remains below 0.1 %,
confirming its negligible impact on the experimental outcomes.

2.3. Image processing and dataset construction

Following the completion of the experiment, the raw data were
systematically annotated, cropped, and manually filtered to elim-
inate blurred and invalid frames from the original sludge jet
feature videos, thereby constructing a comprehensive video
dataset. Subsequently, a custom Python program was employed to
extract images from this dataset at a rate of one image every ten
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Table 1

Characteristics of activated sludge from different factories.
Indicator Moisture content (%) pH VSS/TSS Conductivity (ps cm™1) do.s (pm) Apparent viscosity (Pa s)
WWTP #1 86.8 + 0.5 7.31 0.30 945.2 + 94 93.8 + 1.1 17.1+£03
WWTP #2 853+ 0.5 6.93 0.30 892.5 +17.7 108.8 + 2.2 15.1 + 04
WWTP #3 84.5 + 0.7 7.22 0.31 960.3 + 9.4 1264 £ 2.4 14.1+03
Huadu, Beijing 89.3+0.9 6.84 0.31 1035.8 = 10.2 101.3 £ 2.0 26.7 £ 0.3
Daoxiangcun, Beijing 829+ 0.8 6.91 0.35 1644.7 + 33.1 98.5 + 1.7 26.2 + 0.5
Buji, Shenzhen 814+ 05 6.94 0.33 1376.3 + 344 98.7 £ 2.2 269 + 04
Xili, Shenzhen 75.5 £0.9 6.53 0.35 1740.2 £+ 50.3 95.9 £ 0.9 27.5+03
Binhe, Shenzhen 813 +0.8 6.42 0.39 1580.3 + 34.8 913+ 09 269 + 04

a Sample preparation c Jet characteristics acquire d
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Fig. 1. Flowchart illustrating the process of the instantaneous capturing of activated sludge jet expansion images and image acquisition. MC: moisture content.

Table 2
Main structural units of the jet images of mixed liquor test device: parameters and functions.
System Component Parameter Function
Stabilized gas Air compressor, pressure gauge, air pressure Pressure range: 0.0-0.6 MPa Power source for the equipment, and provides stable
supply unit regulator, and air pipeline and adjustable pressurized air to the stamping
system
Stamping unit Pressure gauge, cylinder, manual switch,  Pressure load and output: 0.0-1.0 MPa Pressure output unit that delivers pressurized air
automatic control module, and stamping from the stabilized gas supply system through a rigid
bolt body output
Fluidic element Jet cavity, seal, and nozzle Capacity: 300 mL; Nozzle aperture: 1-5 mm  Sludge storage, jet characteristic enhancement, and

generation unit

Image acquisition High-speed camera, fill light, light frame,  Video resolution: 640 x 360; Frame rate: 260 Provides illumination and captures the sludge jet
unit shading board, background board, and fps; illuminance of fill light: approximately characteristic image data

shockproof table 5120 + 100 lux

frames (see Fig. 2). The data were subsequently categorized into
four distinct datasets following the requirements for model
construction:

(1) Model selection dataset (2050 images). This dataset com-
prises images depicting sludge exhibiting moisture content
ranging from 87 % to 94 %, obtained under a jet pressure of
0.2 MPa and a jet diameter of 4 mm. It is used to determine
the most effective model for predicting moisture content.

(2) Jet pressure comparison dataset (2412 images). This dataset,
comprising images of sludge with moisture content ranging
from 87 % to 94 % under jet pressures of 0.2, 0.4, and 0.6 MPa,
was employed to assess the impact of jet pressure on
moisture content prediction.

(3) Jet diameter comparison dataset (3231 images). This dataset
includes images with varying sludge moisture content,
ranging from 91 % to 94 %, which helps determine the
optimal jet diameter conditions.
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Fig. 2. Jet images of sludge with varying moisture content at a pressure of 0.2 MPa and a jet diameter of 4 mm. The setup uses hoods, splash guards, and white illumination to
stabilize the light field and enhance image quality with a white background. Two light-emitting diodes provide illumination with algorithmic interference mitigation.

(4) Sludge moisture content prediction dataset (11,641 images).
This extensive dataset encompasses images obtained from
all validated experimental conditions.

To ensure the validity of the model parameters following the
training phase and to evaluate the model's performance in prac-
tical applications, the dataset was partitioned into training, vali-
dation, and test subsets in a ratio of 60:20:20. The training and
validation subsets were employed to enhance the model's pre-
dictive accuracy regarding sludge moisture content and to opti-
mize the model parameters. Conversely, the test subset, which was
not used during model training, was exclusively designated for
assessing the predictive performance of a trained convolutional
neural network (CNN) on unlabeled actual sludge jet images.

Hyperparameter selection is crucial for model convergence,
generalization, and performance in deep learning training. In this
study, we used stochastic gradient descent with an initial learning
rate of 0.0005 and a momentum of 0.8 to accelerate optimization
and avoid local minima. Regularization, specifically L2 regulari-
zation, mitigates overfitting by penalizing excessively large model
weights (Supplementary Text S1). In this study, weight decay was
set to 5 x 10~ to implement L2 regularization effectively. The
learning rate was scheduled using StepLR, halving every ten
epochs (gamma = 0.5) to stabilize later training stages. The loss
function was cross-entropy loss, which is suitable for multiclass
tasks. The model was trained for 100 epochs to fully capture
spatiotemporal features.

2.4. Prediction models

2.4.1. Convolutional neural network models

Three CNN models were employed for image classification:
LeNet [32], AlexNet [33], and VGG-16 [34]. Following the training
process with a uniform dataset, the model that exhibited the
optimal performance was chosen for further examination.

LeNet, proposed in 1998, is the most classic shallow CNN with a
four-layer CNN structure [35]. It comprises three convolutional
layers formed by 5 x 5 kernels, two pooling layers, and a single
fully connected layer. Employing the Sigmoid function (f(x) =
(1+e*)"1) as the activation function enhances its capability for
complex classification [36]. AlexNet, introduced in 2012 and
building upon the foundation of LeNet, marks the transition from
shallow to deep CNNs [37]. It features an eight-layer CNN
comprising five convolutional layers, three pooling layers, and
three fully connected layers. The model's increased depth and
adoption of rectified linear unit (ReLU) as the activation function
contribute to improved performance and adaptability in classifi-
cation tasks. VGG-16, recognized for its simple and uniform

structure, emerged in 2014 [38]. This deep CNN comprises 16
layers, including 13 convolutional layers and three fully connected
layers [39]. The network's depth and the uniform use of 3 x 3
convolutional kernels enhance its performance, reducing compu-
tational complexity and enhancing efficiency with increased depth
[40].

2.4.2. Model comparison

Initially, a comparative analysis was conducted among three
CNN models, and the one with the best performance was selected
as the foundation for the development of subsequent predictive
models. Subsequently, based on this optimal model, six identical
models were created. These models were individually trained on
datasets specific to jet pressure or diameter to determine the
optimal parameters associated with jet pressure and diameter.
Ultimately, a dataset containing the most relevant data for
recognition was used to train the model to predict the moisture
content of sludge.

The model development process was conducted using Pad-
dlePaddle [41], while data analysis and visualization were facili-
tated by Matplotlib [42], NumPy [43], and Pandas [44]. LeNet and
AlexNet retained their original architectures, whereas the final
layer of VGG-16 was eliminated to better align with the task re-
quirements. The images used for model training retained their
original formats, with modifications made solely to comply with
the input specifications of each respective model. During the
training phase, the optimal number of epochs was determined for
each model, with VGG-16 demonstrating superior performance at
the 50-epoch interval, surpassing both AlexNet and LeNet in terms
of the number of epochs required. This customized approach,
particularly the removal of the final layer in VGG-16, significantly
mitigated the complexity associated with model deployment.

2.4.3. Model evaluation

The model's predictions were utilized to determine the mois-
ture content of the sludge. Accuracy, defined as the ratio of correct
predictions (the sum of true positives and true negatives) to the
total number of predictions, was used to assess the model's clas-
sification efficacy.

The loss function serves as a parameter to assess the disparity
between the model's predictions and the actual values; a lower
loss function signifies superior model performance. The confusion
matrix provides a visual representation of the model's prediction
results in comparison to the actual values. Each column denotes a
predicted category, wherein the values specify the number of true
instances that were predicted to belong to that category, while the
total reflects the model's predictions for that particular category.
Conversely, each row signifies the true classification of the data,
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with the total indicating the number of instances of true data.

The model's performance was evaluated using the following
metrics: validation accuracy, validation loss, and test accuracy.
Validation accuracy assesses the adequacy of the model parame-
ters, whereas test accuracy measures the model's effectiveness in
predicting the actual moisture content of sludge using images
from the testing phase set.

3. Results and discussion
3.1. Optimal model selection

We conducted a comprehensive performance evaluation of the
three models, considering rationality and actual test outcomes, to
ascertain the most effective predictive model.

VGG-16 was found to be the optimal model for predicting
sludge moisture content. Higher validation accuracy values indi-
cate more reasonable model parameter settings. The validation
accuracies for VGG-16, AlexNet, and LeNet were 99.3 %, 82.4 %, and
90.2 %, respectively (Table 3), indicating that VGG-16 and LeNet
performed better in predicting sludge moisture content. Regarding
validation loss, lower values indicate fewer prediction errors
during model operation on the validation dataset, resulting in
better performance. We found that VGG-16 had the lowest pre-
diction loss (5.8 %), while AlexNet and LeNet displayed loss levels
of 15.5 % and 38.4 %, respectively (Table 3). Smoothness in the
training process curves is also important. The training curves for
both VGG-16 and AlexNet demonstrated notable smoothness
(Fig. 3).

In terms of testing accuracy, higher values indicate superior
performance in practical testing. The post-trained VGG-16 model
achieved an accuracy of 96.7 % on 793 randomly chosen unlabeled
images from the model selection dataset, surpassing AlexNet
(63.4 %) and LeNet (73.7 %) (Table 4). To further verify the model's
focus on key features in jet images, we used Grad-CAM to visualize
the VGG-16 model's predictions. Supplementary Fig. S1 presents
four randomly selected visualization maps of different moisture
contents. The Grad-CAM significance maps highlight the areas the
model prioritizes during moisture prediction. For jet images, the
model emphasizes the edge sharpness and dispersion patterns of
the jet stream, directly reflecting the moisture distribution during
ejection. The areas highlighted in red and yellow show a strong
model response to the core and surrounding diffusion regions of
the jet. This supports the significant differences in jet images and
demonstrates the model's ability to capture key visual features for
moisture prediction, thereby improving the reliability and inter-
pretability of the predictions.

We conducted ten experiments for each of the three models
(Table 4). Based on the experimental data, we carried out
comparative statistical analyses between VGG-16 and the other
two models (AlexNet and LeNet) to evaluate the significance and
practical differences in their performance. The analysis revealed a
highly significant difference between VGG-16 and AlexNet, with a
p-value of less than 0.001, effectively ruling out the possibility of
random errors. The Cohen's d effect size was 20.90, where a value

Table 3

Comparison of results obtained by three conventional neural network models
trained on the same dataset of 2050 sludge jet images at 87-94 % moisture content,
classified into eight categories with a 1 % gradient difference.

Model Validation accuracy Validation loss Test accuracy
VGG-16 99.3 % 58% 96.7 %
AlexNet 824 % 15.5% 63.4 %
LeNet 90.2 % 384 % 73.7 %
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of d > 0.80 is typically considered large. This indicates a substantial
practical difference, consistent with situations in which one ma-
chine learning model significantly outperforms another. VGG-16
achieved a mean accuracy of 95.6 %, which is markedly higher
than AlexNet's 64 %.

Notably, even when accounting for random variations across
the ten experiments, VGG-16's lowest accuracy (94.6 %) still
exceeded AlexNet's highest accuracy (67.9 %). Similarly, the dif-
ference in test accuracy between VGG-16 and LeNet was also
extremely significant, with the p-value less than 0.001 and a
Cohen's d of 24.5. This again signifies a very large practical dif-
ference. VGG-16's mean accuracy of 95.6 % was significantly higher
than LeNet's 73.3 %. Even considering random fluctuations, VGG-
16's lowest accuracy (94.6 %) was much higher than LeNet's
highest accuracy (74.9 %). In summary, VGG-16 demonstrated a
significant performance advantage over both AlexNet and LeNet.
This conclusion is supported by strong statistical evidence and
large practical differences, further confirming the superior per-
formance of VGG-16.

3.2. Feasibility test

We found an exponential correlation between the sludge
moisture content and the apparent viscosity of the sludge,
particularly as the moisture content decreased from 94 % to 87 %
(Supplementary Fig. S2). When the moisture level falls to 86 % or
lower, the rate of change in apparent viscosity slows down after
the heat treatment process. Subsequently, it gradually reverts to an
exponential pattern as moisture content decreases, aligning with
prior research findings [45,46]. A linear correlation was observed
between the sludge moisture content and conductivity
(Supplementary Fig. S2). Below a moisture content of 94 %, con-
ductivity exhibited a declining trend with decreasing moisture
content, consistent with observations regarding sludge impedance
fluctuations by Ségalen et al. [47]. These findings suggest that the
apparent viscosity and conductivity variations observed in the
sludge samples obtained after dehydration and reconstitution
closely resemble those of directly dewatered sludge. This indicates
the feasibility of using reconstituted sludge for experimental
purposes, offering a viable alternative approach.

3.3. Impact of pressure and nozzle diameter

We found that nozzles with diameters of 1 and 2 mm were
insufficient for spraying when the moisture content fell below a
certain threshold of 93 % (Fig. 4). When the moisture content falls
below 90 %, the sludge viscosity demonstrates an exponential in-
crease, while the electrical conductivity progressively decreases
with diminishing moisture content, collectively leading to recur-
rent nozzle clogging during operation with 3 mm diameter noz-
zles. The use of larger orifice plates may contribute to a diminished
stability of the sludge jet and an expanded dispersion area, ulti-
mately leading to suboptimal performance. Conversely, the 4 mm
nozzle exhibited enhanced jet performance under equivalent
pressure conditions. It is important to note that high-pressure
processes do not necessarily yield improvements in recognition
rates; rather, within the low moisture content spectrum, such
processes may reduce image recognition efficiency. Consequently,
optimal experimental conditions were established using a pres-
sure of 0.2 MPa and a nozzle diameter of 4 mm.

3.4. Selection of jet pressure ratios

We employed the VGG-16 model to develop three jet pressure
selection models: Model 1 (0.2 MPa), Model 2 (0.4 MPa), and
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Fig. 3. Accuracy and loss function values of the training and validation sets during the training process for three models: a, VGG-16 model; b, AlexNet model; ¢, LeNet model.

Table 4
Statistical significance of accuracy from ten experimental validations for VGG-16,
AlexNet, and LeNet Models.

Model 1 2 3 4 5 6 7 8 9 10

VGG-16 952 974 96.7 96.6 96.0 950 955 948 946 95.1
AlexNet 628 643 634 679 619 612 641 650 639 659
LeNet 734 727 737 728 724 725 749 737 729 747

Moisture content
0.2 MPa 0.4 MPa 0.6 MPa

1.0
94
93
92
91 0.8
90
89
88 0.6
87
86
85 0.4
84
83
82 0.2
81
80
79

0.0

1 2 3 4 5 1 2 3 4 5 1 2 3 4 5

Nozzle diameter (mm)

Sludge moisture content (%)

Fig. 4. Jet occurrence under experimental conditions. Evaluated pressure
(0.2-0.6 MPa), nozzle diameter (1-5 mm), and moisture content (79-94 %). Blue: too
small to spray; yellow: clogs; red: best performance.

Model 3 (0.6 MPa). These models were designed to predict image
data under three distinct pressure conditions (0.2, 0.4, and
0.6 MPa, respectively) with a target precision of 1 % across eight
categories, each representing a 1 % increment within the range of
87-94 %.

The analysis revealed that all three models exhibited high
validation accuracy and low validation loss values across various
pressure conditions (Table 5). Notably, the dataset for Model 1
(0.2 MPa) achieved the highest validation accuracy of 99.3 % and
the lowest validation loss of 5.8 %, thereby slightly surpassing the
performance of the other models. Furthermore, throughout the

Table 5

Comparison of results obtained from three deep learning models trained on a
dataset of 2412 sludge jet images at 87-94 % moisture content, classified into eight
categories with a 1 % gradient difference.

Model Validation accuracy  Validation loss  Test accuracy
Model 1 (0.2 MPa) 99.3 % 57% 96.7 %
Model 2 (0.4 MPa) 96.8% 10.5% 89.3 %
Model 3 (0.6 MPa) 92.6 % 19.0 % 832 %

training process, all three models displayed relatively smooth
curves (Fig. 5), which indicates appropriate parameter settings and
robust performance. The VGG-16 model demonstrated superior
performance to the other two models (Table 5).

Ten experiments were performed for each of the three models
(Table 6). Based on the experimental data, statistical analyses were
conducted to compare the test accuracies of Model 1 (0.2 MPa)
with those of Model 2 (0.4 MPa) and Model 1 (0.2 MPa) with those
of Model 3 (0.6 MPa), assessing both significance and practical
differences. Normality testing via the Shapiro-Wilk test confirmed
that the data followed a normal distribution (the p-values for
Model 1, Model 2, and Model 3 are 0.494, 0.460, and 0.977). Ho-
mogeneity of variance was established using Levene's test
(p = 0.249). A one-way analysis of variance (ANOVA) revealed
extremely significant performance differences among the three
models, with the F-value indicating whether the differences be-
tween groups are significantly greater than random error
(F = 566.4, p < 0.001). Post hoc Tukey honestly significant differ-
ence (HSD) tests revealed significant mean differences between
Model 1 and Model 2 (—7.6) and between Model 1 and Model 3
(—=13.5), both with p-values less than 0.050. Cohen's d analysis
showed large effect sizes (10.1 for Model 1 vs. Model 2 and 14.4 for
Model 1 vs. Model 3), indicating both statistical and practical
significance. Overall, while Model 3 (0.6 MPa) demonstrated
improved performance, Model 1 (0.2 MPa) exhibited the highest
validation accuracy and lowest validation loss, showing superior
stability and predictive performance, particularly under lower
pressure conditions.

3.5. Selection of jet diameter ratios

We developed three models for selecting jet diameters: Model
4 (3 mm), Model 5 (4 mm), and Model 6 (5 mm), to predict the
optimal conditions for experimental jet diameters. These models
were trained based on a four-category prediction framework,
aiming for a target precision of 1 % in the selection of the jet
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Table 6

Results of ten experimental validations for the testing accuracy of Model 1 (0.2 MPa), Model 2 (0.4 MPa), and Model 3 (0.6 MPa).
Model 1 2 3 4 5 6 7 8 9 10
Model 1 (0.2 MPa) 96.1 97.1 95.8 96.9 97.0 96.4 95.7 97.6 96.2 97.2
Model 2 (0.4 MPa) 88.7 90.2 89.0 88.0 89.6 88.3 90.0 89.4 87.9 89.6
Model 3 (0.6 MPa) 82.5 84.4 83.0 81.9 83.6 82.2 84.9 83.4 81.3 83.7

diameters dataset.

A jet diameter of 4 mm was identified as the optimal selection.
Model 5 achieved the highest validation accuracy, reaching 98.7 %.
In terms of validation loss values, Model 5 also demonstrated the
lowest loss value of 4 %, surpassing the losses recorded by Model
4 at 21.7 % and Model 6 at 9.2 % (Table 6). The data presented in the
graph indicate that a 4 mm aperture yields the most favorable
results, confirming it as the ideal hole diameter.

Moreover, during the training process, Model 5 demonstrated
slightly less oscillation in its curve than Models 4 and 6 (Fig. 6),
indicating an advantage in prediction with data obtained using a
4 mm jet diameter. All three models performed excellently in
testing loss values, with Model 5 achieving the highest testing
accuracy of 95.3 % (Table 7). The confusion matrix results high-
lighted that misclassification was concentrated mainly at 93 % and
94 % moisture content, with a 3 mm diameter leading to a spread
of misclassification.

Ten experiments were carried out for each of the three models,
and the results are presented in Table 8. Statistical analyses were
performed to compare the test accuracies of Model 5 (4 mm) with
those of Model 4 (3 mm) and Model 5 (4 mm) with those of Model
6 (5 mm), aiming to assess the significance and practical differ-
ences. Normality was confirmed via Shapiro-Wilk tests for all
models. Levene's test established homogeneity of variance

(p = 0.510). A one-way ANOVA showed extremely significant
performance differences among the models (F(2,27) = 519.8,
p < 0.001). Post hoc Tukey HSD tests revealed significant mean
differences (p < 0.050) between Model 5 and Model 4 (12.9) and
between Model 5 and Model 6 (4.5). Cohen's d analysis indicated
large effect sizes (14.3 for Model 5 vs. Model 4 and 5.4 for Model 5
vs. Model 6), highlighting substantial practical differences.

3.6. Prediction effect

From the dataset comprising 11,641 images, a subset of 3865
images, captured under 0.2 MPa and 4 mm conditions, was
selected to train Models 7 and 8. These models were used to
predict the moisture content of sludge samples, ranging from 79 %
to 94 %, in 16 categories, with target precisions of 2 % and 1 %,
respectively (Table 9).

Model 7 reached a validation accuracy of 93.5 %, whereas Model
8 achieved a validation accuracy of 87.6 %. Both models exhibited a
certain decline in performance compared to Model 1 (0.2 MPa),
which was trained on sludge samples with a moisture content
ranging from 87 % to 94 % and an eight-category prediction, with a
target precision of 1 % during optimal jet pressure selection.

During practical testing, Model 7 achieved a prediction accu-
racy of 86.4 %, while Model 8 attained 75.9 % accuracy in the 16-
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Table 7
Results from three deep learning models were compared using a dataset of 3231
sludge jet images (91-94 % moisture, 1 % gradient).

Model Validation accuracy Validation loss Test accuracy
Model 4 (3 mm) 90.5 % 21.7 % 82.5%
Model 5 (4 mm) 98.7 % 4.0% 95.3 %
Model 6 (5 mm) 93.5% 92% 90.8 %

category prediction. Model 7 (Supplementary Table S2), with its
2 % accuracy focus, demonstrated robust prediction performance,
while Model 8, targeting 1 % precision, exhibited a satisfactory
level. Model 1, employed during the jet pressure selection exper-
iment, was trained on a dataset comprising the higher moisture
content range (87-94 %) utilized by Model 8 (Supplementary
Table S3). However, the accuracy of Model 8 (75.9 %) was lower
than that of Model 1 (96.7 %). Model 8 demonstrated a significant
increase in misclassification rate in the confusion matrix, with
misclassifications spreading from adjacent moisture content levels
to intervals (Fig. 7). This may be due to the overlapping jet features
at adjacent moisture levels caused by the different rheological
properties of sludge at various moisture contents.

Expanding the moisture content range substantially increased

Table 9
Results obtained from the same dataset of 3865 sludge jet images at 79-94 %
moisture content.

Model Validation accuracy Validation loss Prediction accuracy
Model 7 93.5% 19.5% 86.4 %
Model 8 87.6 % 40.0 % 75.9 %

the difficulty of learning image features for the model. Neverthe-
less, the moisture content prediction strategy based on sludge jet
characteristics demonstrates its potential applicability.

To evaluate the generalization and prediction performance of
Models 7 and 8, we conducted a five-fold cross-validation. Model 7
had an average cross-validation accuracy of 89.9 4+ 1.2 % and a test
set accuracy of 89.4 %. Model 8 had an average validation accuracy
of 86.38 + 2.1 % and a test set accuracy of 82.2 %. These results
show that the models are stable and reliable for predicting mois-
ture content in jet images. The confusion matrix further illustrates
the models’ predictive performance across categories (Fig. 8). It
was observed that Model 8 was highly accurate in some categories
(e.g., 79 and 80) but had confusion in others (e.g., 83 and 88), likely
due to similar edge sharpness and dispersion patterns in different
jet image categories. Combining the cross-validation results and

Table 8

Results of ten experimental validations for the testing accuracy of Model 4 (3 mm), Model 5 (4 mm), and Model 6 (5 mm).
Model 1 2 3 4 5 6 7 8 9 10
Model 4 (3 mm) 81.3 83.6 82.1 80.9 83.0 82.8 81.9 84.1 824 83.7
Model 5 (4 mm) 94.8 95.2 96.2 95.1 94.6 96.4 95.9 94.4 95.7 96.1
Model 6 (5 mm) 89.8 91.2 90.1 92.1 89.9 91.7 90.4 923 90.8 91.6
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confusion matrix analysis, the model can effectively capture key
features in jet images, but there is room for optimization to reduce
misclassification. These results support the distinctiveness and
practicality of the models in moisture prediction tasks.

3.7. Real-world test

We carried out moisture content predictions on dehydrated
sludge samples sourced from six municipal wastewater treatment
plants located in Beijing, Harbin, and Shenzhen, China. The six
WWTPs were selected based on an integrated consideration of
latitudinal climatic differences and diverse treatment processes,
ensuring representative sludge samples from facilities across
varying climatic zones and operational technologies (Fig. 9). The
findings revealed that the model exhibited higher predictive ac-
curacy in the wastewater treatment plants of Beijing and Harbin.
The discrepancies between the predicted and actual moisture
content of the sludge in these two regions were relatively minor. In
the northern dataset, the sludge samples exhibited more consis-
tent features, likely due to the similar conditions and treatment
processes. Chemical usage in northern wastewater treatment
plants is also more uniform. In contrast, Shenzhen's WWTPs have
larger chemical dosage deviations, likely due to diverse demands
and complex conditions. Longer transportation distances may
have also affected chemical usage and the properties of the sludge.
In Shenzhen, although there was a more pronounced disparity
between the predicted and actual moisture content, it did not
undermine the overall performance of the model. The high level of
accuracy achieved by the model is chiefly ascribed to its robust-
ness and adaptability across diverse environmental conditions.
Notwithstanding the greater variability in sludge properties

within the Shenzhen area, our model still manifested favorable
predictive performance. This suggests that the model can furnish
precise predictions, even under fluctuating circumstances.

Despite the relatively larger prediction error observed in the
sewage treatment plants in Shenzhen, the model performed well
in Beijing and Harbin, demonstrating great practical application
potential. To further enhance the accuracy and generalization
ability of the model, future research should concentrate on
addressing the following issues:

(1) Standardization of sample handling and transportation.
Ensuring the stability of sludge samples during trans-
portation and minimizing the interference of external fac-
tors on test results.

(2) Model optimization and incorporation of dynamic data.
Leveraging real-time sensor data or dynamic changes in the
sludge treatment process to optimize the model and
augment its predictive capability for complex environ-
mental conditions.

Despite encountering certain challenges, the current model has
demonstrated satisfactory results during the actual testing phase
and has significant application potential. To enhance the accuracy
of testing methods within the sewage treatment sector and
improve the efficiency of sludge treatment and disposal, as well as
the rate of resource utilization, it is imperative to further optimize
both the model and the data acquisition methodologies required.

4. Conclusions

This study introduced a novel method for rapidly predicting
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sludge moisture content based on jet characteristic images,
reducing the testing time to under 20 s. By constructing the
instantaneous capturing of activated sludge jet expansion images
(iCASJEI) system to obtain characteristic sludge jet image data and
combining it with CNN for moisture content prediction, we
compared and validated the predictive performance of different
models under varying experimental conditions using dewatered
sludge from sewage treatment plants. The key findings are as
follows:

(1) The entire apparatus or system is capable of efficiently
predicting the moisture content of sludge. It achieved a
prediction accuracy of 86.4 % for eight categories (2 % pre-
cision) and 75.9 % for sixteen categories (1 % precision). This
system demonstrates excellent performance across sludge
samples from various cities.

(2) The most effective extraction of sludge jet characteristics
was achieved with a jet pressure of 0.2 MPa and a jet nozzle
diameter of 4 mm. Model performance analysis under these
conditions indicated an optimal prediction of moisture
content.

(3) We compared the predictive performance of VGG-16, Alex-
Net, and LeNet CNNs on images of sludge jets. VGG-16
demonstrated superior performance.

(4) In the future, we plan to obtain more samples to enhance
accuracy, focus on additional sludge indicators, and conduct
research on non-Newtonian fluids, aiming to give this
technology some generalizability.

This study confirms the potential of moisture content detection
methods based on the non-Newtonian fluid properties of sludge,
which have a faster testing speed than traditional methods and
yield promising prediction results. This study functions solely as
an initial validation; therefore, the sample must be enlarged to
include extreme rheological conditions. This process will include
expanding the capacity of the image dataset, refining the model,
and performing multiple simultaneous jet calibrations to improve
the accuracy of the method.

Sample 1

Sample 2

— I - True value

Sample 3

— @ - Predicted value

T T T T T V T T T T T 7 T T T T T T

1.2 3 4 5 6 1 2 3 4 5 6 1 2 3 4 5 6
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Fig. 9. Practical tests using six samples obtained from wastewater treatment plants located in Daoxiangcun, Beijing; Harbin bungalow; Huadu, Beijing; Binhe, Shenzhen; Buji,

Shenzhen; and Xili, Shenzhen.
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