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Abstract

To meet the demand for refined laundry care in intelligent washing machines and address
the low accuracy, poor robustness, and lack of physical interpretability of existing material
recognition technologies, a recognition method integrating physical prior knowledge is pro-
posed. Based on a physical experimental platform for drum washing machines, mechanical
vibration signals from a three-axis acceleration sensor and motor electromagnetic signals
are collected synchronously, a dataset consisting of soft and hard loads is constructed,
and time-domain alignment of heterogeneous signals is realized using adaptive pooling
technology. Combined with the mechatronic coupling mechanism in the loosening, devia-
tion detection, and weighing stages of washing machines, a Physics-Aware Dual-Stream
Multi-Scale Temporal Convolutional Network (PSA-DSMS-TCN) is designed. The network
extracts mechanical and electromagnetic features in parallel through a dual-stream struc-
ture, expands the receptive field using multi-scale dilated convolution, and introduces an
operating condition-gated attention mechanism to achieve dynamic feature fusion. The
results of 5-fold cross-validation show that the model achieves an average recognition
accuracy of 94.05%, with consistent performance enhancement and substantial practical
robustness. The results demonstrate that the PSA-DSMS-TCN effectively improves the
precision of material prediction while maintaining lightweight characteristics, providing
reliable technical support for the intelligent matching of laundry care parameters.

Keywords: material recognition; Temporal Convolutional Network; physical prior knowl-
edge; dual-stream; washing machine

1. Introduction

With the continuous upgrading of consumer expectations, the functional paradigm
of modern washing machines has shifted from basic stain removal to comprehensive and
refined fabric care. Consumers increasingly demand advanced health-oriented features
(e.g., sterilization and mite removal) alongside meticulous fabric protection to minimize
mechanical wear and irreversible fiber damage during washing and drying cycles. Given
the highly diverse characteristics of modern textiles—ranging from cotton and synthetic
fibers to delicate materials such as silk, wool, and down—the requirements for washing
algorithms, thermal control, and mechanical agitation vary significantly. Improper param-
eter matching is a primary cause of irreversible textile degradation. For instance, down
garments require specialized tumbling patterns to maintain fluffiness, while protein-based
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fibers like silk and fur heavily rely on low-temperature drying or waterless “air-wash”
technologies to prevent structural destruction. Consequently, the precise pre-identification
of clothing materials has emerged as a critical technological bottleneck in the appliance in-
dustry and the fundamental prerequisite for intelligently matching core laundry and drying
parameters. However, current clothing material recognition technologies in the washing
machine industry suffer from shortcomings such as low accuracy and large errors, making
it difficult to meet the care needs of high-end fabrics [1]. Therefore, conducting research
on efficient and accurate recognition methods holds significant practical significance for
improving the intelligence level of washing machines and optimizing user experience [2].

Existing clothing material recognition technologies have evolved into multiple techni-
cal routes, among which mainstream solutions mainly include radio frequency identifica-
tion (RFID) and computer vision (Al camera). However, all these schemes face significant
limitations in practical engineering applications. Specifically, although RFID technology
achieves high recognition accuracy, it heavily relies on electronic tags pre-installed when
textiles are manufactured, resulting in extremely poor industrial universality and difficulty
in covering the massive number of existing clothes owned by consumers. Visual schemes
based on Al cameras require the additional deployment of high-cost image sensors, and the
water vapor, foam, and low-light environment inside the washing machine drum severely
degrade image quality, restricting their robustness. Material identification methods based
on fabric water absorption require tedious water intake and standing tests, which not
only waste water resources but also substantially prolong the laundry cycle. In contrast,
mechanical signal schemes based on acceleration sensors have attracted extensive attention
due to their low hardware cost. Nevertheless, existing methods are highly vulnerable to
mechanical resonance of the whole machine and environmental noise under complex work-
ing conditions, and their recognition accuracy and stability can hardly meet the stringent
standards of high-end intelligent laundry care.

With the continuous iteration and in-depth penetration of Al technology, its applica-
tion in the field of smart home appliances has become increasingly widespread, endowing
traditional household appliances with more powerful intelligent functions [3-6]. Nowa-
days, a growing number of enterprises are deeply integrating Al technology into the R&D
and upgrading of washing machines. Through algorithm optimization, data mining, and
other means, they continuously improve the intelligence level of products, driving washing
machines toward the direction of precise control and intelligent adaptation [7-9]. Existing
studies have shown that the introduction of multi-dimensional physical signals such as
thermal imaging, combined with hybrid deep learning models, achieves high accuracy and
repeatability in material classification [10].

However, purely data-driven models relying only on washing machine sensor data
face limitations when dealing with such complex mechatronic systems. On the one hand,
due to the highly dynamic nature of load distribution and time-varying characteristics of
motor speed during the washing process, traditional “black-box” deep learning models
are prone to fitting environmental noise or spurious correlations, resulting in restricted
generalization performance under complex and variable operating conditions. On the other
hand, the feature extraction process without physical constraints is usually accompanied
by poor interpretability, which can hardly meet the stringent requirements of industrial
control systems for operational reliability. Therefore, it is particularly critical to incorporate
physical prior knowledge into the deep learning framework. By explicitly embedding the
inherent physical laws of washing machine operation into the neural network architecture,
the hypothesis space of the model can be effectively constrained. This learning paradigm,
guided by physical mechanisms, drives the model to adaptively focus on the most mechan-
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ically consistent and discriminative mechatronic features, thereby breaking through the
bottlenecks of purely data-driven methods in terms of robustness and interpretability.

In practical industrial contexts, this challenge is further exacerbated by the synchro-
nization mismatch between multi-rate sensor signals. Due to the constraints of industrial
hardware, mechanical vibrations and electromagnetic signals exhibit significant discrep-
ancies in sampling frequencies and time delays, inevitably leading to information mis-
alignment and feature distortion during fusion. Traditional alignment paradigms, such as
interpolation or cross-correlation, are often inadequate; they frequently introduce artifacts
or phase errors that destroy critical high-frequency mechanical textures. Consequently,
there is an urgent need for a robust fusion framework capable of preserving the raw
physical characteristics of asynchronous signals while enabling the network to adaptively
extract high-level mechatronic coupling features across these heterogeneous temporal
scales without loss of information.

Inspired by multi-physical signal fusion mechanisms, this study proposes an accurate
material recognition scheme that deeply integrates physical priors based on the existing
hardware resources of washing machines. This scheme deeply explores the interactive
features between conventional acceleration sensors and motor parameters, and realizes
efficient recognition using deep networks. Without increasing hardware cost or washing
time, it effectively improves recognition accuracy and provides a new technical path for
personalized laundry care.

2. Results and Discussion
2.1. Design of Clothing Material Recognition Method

To address the issues of non-stationary time-series signals in traditional deep learn-
ing models for clothing recognition tasks in washing machines and the lack of physical
interpretability in pure data-driven models, this chapter proposes a deep learning archi-
tecture integrated with physical prior knowledge—the Physics-State Aware Dual-Stream
Multi-Scale Temporal Convolutional Network (PSA-DSMS-TCN)—specifically designed to
distinguish between the soft and stiff fabrics illustrated in Figure 1a,b.

(a) Soft-textured clothing

(b) Stiff-textured clothing
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Figure 1. (a) Soft-textured clothing. (b) Stiff-textured clothing. (c) Clothing material recognition process.
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The overall architecture is illustrated in Figure 1c. Firstly, an asynchronous data
input strategy that preserves the original physical characteristics is adopted for the multi-
frequency sampling characteristics of heterogeneous sensors. Subsequently, combining the
unique rotational speed step characteristics of washing machines, a dual-stream multi-scale
feature extraction network with mechanical-electrical decoupling is designed to capture
the long and short temporal dependencies of mechanical vibration and electromagnetic
response in parallel. Finally, this study innovatively introduces a rotational speed-based
physical state operating condition-gated attention mechanism, explicitly embedding prior
operating condition knowledge into the network forward propagation to guide the model
to adaptively focus on key physical streams at different stages, thereby learning clothing
material representations that conform to mechanical laws [11]. This chapter will elaborate
on the theoretical basis and implementation details of each module.

2.2. Heterogeneous Data Preprocessing and Asynchronous Strategy

In the experimental acquisition system constructed in this study, the experimental
subject is a Xiaomi washing machine. Restricted by the underlying hardware architecture
of industrial-grade equipment, the sampling rate of the three-axis acceleration sensor is
100 Hz, while the sampling rate of motor electromagnetic signals (current, rotational speed,
etc.) acquired from the variable-frequency drive board is 5 Hz, as shown in Figure 2a,b. To
retain the authentic physical states captured by the sensors to the greatest extent, this study
preserves the non-stationary variable-length characteristics and heterogeneous sampling
rates of mechanical vibration signals and motor electromagnetic signals. The 100 Hz high-
frequency three-axis acceleration data sequence and the 5 Hz low-frequency four-channel
electromagnetic data sequence are treated as two completely independent information
streams. When feeding data into the deep learning network, no destructive zero-padding or
truncation is performed. Instead, the two unequal-length tensors are directly and separately
fed into the mechanical branch and electromagnetic branch of the subsequently designed
dual-stream network. This native asynchronous decoupling strategy avoids phase errors
and high-frequency texture loss caused by forced time-domain alignment.

(a) High-frequency Mechanical Vibration Signal (100Hz)
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Figure 2. (a) High-frequency mechanical vibration signal. (b) Low-frequency motor electromag-

netic signal.
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Since the physical dimensions of signal sources such as mechanical vibration, motor
current, and rotational speed differ significantly, their value ranges are highly unbalanced.
Direct input into the network would lead to numerical instability during gradient descent
and cause the model to be overly biased toward feature channels with larger absolute
values. To eliminate the dimensional barrier across multimodal data and accelerate model
convergence, this paper introduces a channel-wise Z-Score normalization strategy before
asynchronous input. For a given feature matrix, the mean and standard deviation of each
physical channel within valid time steps are computed, followed by a linear transformation.

/ Xic — He (1)

X =
ic 0.

where x; . denotes the sampled physical signal at the i-th time step of the c-th channel
in the original feature sequence. This normalization operation maps signals from all
heterogeneous sensors uniformly into a standard normal distribution space with a mean
of 0 and a variance of 1, while fully preserving the original waveform oscillation patterns
and geometric topological structure. It thus provides a high-quality data foundation for the
dual-stream network to extract unbiased mechatronic coupling features.

2.3. Physics-State Aware Dual-Stream Multi-Scale TCN Architecture

Before designing the deep learning model, it is crucial to analyze the physical opera-
tion process of the washing machine. Its weighing motion is not uniformly continuous but
divided into three steady-state stages with clear physical meanings—loosening, unbalance
detection, and weighing—according to the control logic, where the vibration and current
signals in different stages contain differentiated physical information about clothing mate-
rial, distribution and weight respectively. To address this issue, this paper proposes the
PSA-DSMS-TCN architecture, which achieves targeted optimization through an explicit
physics-stream decoupling and operation-condition gating mechanism.

Traditional RNN/LSTM models suffer from low serial computing efficiency and
gradient vanishing when processing long sequences and are also poor at capturing abrupt
signals [12]. To extract discriminative features from the high-frequency, noisy motor time-
series signals, an improved Temporal Convolutional Network (TCN) is constructed in this
study [13,14]. Compared with traditional Recurrent Neural Networks (RNN/LSTM), TCN
boasts advantages such as strong parallel computing capability, stable gradient propagation,
and flexible and controllable receptive field [15,16].

The core advantage of TCN lies in expanding the receptive field through dilated
convolution, which enables the capture of long-range temporal dependencies without
recurrent structures. To capture long-range historical dependency information without
increasing network depth and the number of parameters, this paper introduces dilated
convolution technology [17-19]. For an input sequence x and a convolution kernel f, the
convolution operation with a dilation factor of d is defined as:

K-1
(x x4 f)(s) = I;Of(k)X(S—dk) )

where K = 3 denotes the kernel size. The TCN architecture designed in this paper consists
of two parallel feature extraction streams, each composed of 2 stacked residual blocks. At
each level, the dilation factor grows exponentially in depth, i.e., dl = 2I~! (yielding 1, 2, and
4 respectively), as illustrated in Figure 3.
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Figure 3. TCN dilated causal convolution structure.

The TCN module is composed of multiple stacked residual blocks. Each residual
block contains two dilated convolutional layers, a weight normalization layer, and a ReLU
activation function, as illustrated in Figure 4. For lightweight deployment, the base channel
width is set to 16 in this paper. The mechanical stream branch gradually upscales the
3-channel input to 32 dimensions via residual blocks; the electromagnetic stream branch
similarly maps the 4-channel input to 32 dimensions. To prevent overfitting in small-
sample training, a high-rate Dropout (p = 0.5) is introduced after the convolutional layers.
Furthermore, the introduction of residual connections enables the network to learn identity
mappings, effectively alleviating the degradation problem of deep networks. This module
gradually maps the original 7-channel physical signals to a high-dimensional feature
space, and finally outputs the feature tensor X, € RBxCoutxL The formula for residual
connections is as follows:

o = Activation(x + F(x)) 3)

Input D"”'(T(‘lf‘;‘;"‘ Dl WeightNorm ReLU e Dilated Convl : I » RelU Dropout 0 Output

» 1x1 Conv

Figure 4. Residual block of TCN.

Considering the significant differences in frequency-domain characteristics and physi-
cal representations between mechanical vibration signals and motor electromagnetic signals,
direct channel concatenation often leads to information annihilation [20]. Therefore, this
paper designs a parallel dual-stream input structure: the input of the mechanical stream
includes Acc_x, Acc_y, Acc_z, and rotational speed signals; the input of the electromagnetic
stream includes Iy, Ig, Iy_rms, and Power [21,22].

To address the inconsistent sampling rates of the two signal streams, the dual-stream
network processes them in parallel through independent feature extraction paths. Before
feature fusion, a Global Adaptive Average Pooling layer is adopted to achieve automatic
alignment in the temporal dimension. Statistics show that the total number of parameters
of this model is approximately 35 k, indicating extremely high computational efficiency.

Given the diversity of time scales in the internal features of a single physical stream,
a convolution kernel with a single receptive field cannot capture them simultaneously.
This paper introduces multi-scale dilated convolutions into the residual blocks of the
TCN [23-25], as illustrated in Figure 5. Each feature extraction layer comprises three
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parallel convolution branches with dilation rates set to d = 1, 2, 4 respectively. The branch
with d = 1 focuses on local details such as glitches and spikes in acceleration signals;
the branches with d = 2, 4 greatly expand the receptive field and focus on the long-term
dependencies and trend evolution of signals.
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» O 0 0 0 0 O O d-1

Mid-Range Context

i o o o o o @ Output

Macro-Trend (Global)
° ° d=4

v
o
o
o

Input

Figure 5. Multi-scale dilated convolution module.

To incorporate physical priors into the model, a lightweight physics-state gating
attention module is proposed in this study [26-28], which is shown in Figure 6a. The core
idea of this module is to use the rotational speed signal as the gating signal.
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Figure 6. (a) Physical state activation curves. (b) Adaptive weighting between dual streams.

The gating module first extracts the real-time normalized rotation speed signal from
the motor stream and maps it into an operating condition activation vector St = [m35, m91,
m181] representing the three stages of “loosening—deviation detection—weighing” using
three sets of Gaussian kernel functions with clear physical meanings. The smooth transition
between operating conditions is described in the form of probability distributions. This
design ensures that the feature fusion weights evolve steadily during dynamic rotation
speed switching, effectively avoiding oscillations in recognition results caused by signal
jitter, while mathematically guaranteeing the global differentiability of the network. The
state vector St is fed into a lightweight multi-layer perceptron (MLP). After nonlinear
transformation, adaptive weights a along the channel dimension are generated via the
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Sigmoid activation function. These weights & are directly applied to the complementary
dual-stream feature fusion strategy. To explicitly represent the dominant roles of mechanical
and electrical features at different stages, the fused feature tensor is computed as follows:

ffused = &felec + (1 - D‘)fmech 4)

Under this mechanism, when the rotation speed is in the high-speed weighing stage,
the weight increases to guide the model to focus on electromagnetic features that reflect
load inertia. In the low-speed loosening stage, the weight shifts toward the mechanical
stream to capture more discriminative vibration texture features, as illustrated in Figure 6b.
With an extremely small number of parameters, this design achieves the explicit embed-
ding of physical prior knowledge into the network structure, significantly enhancing
model interpretability.

2.4. Dataset Construction

In this study, a high-fidelity mechatronic signal acquisition platform was built around
an industrial-grade Xiaomi front-loading washing machine with typical mechatronic char-
acteristics. The platform integrates a three-axis accelerometer (sampling rate 100 Hz) and a
motor variable-frequency drive circuit (sampling rate 5 Hz). An adaptive pooling mecha-
nism is adopted to resolve the sampling step mismatch between heterogeneous sensors,
ensuring the spatiotemporal consistency of mechanical vibration and electromagnetic
response at the feature level.

The experimental design focuses on the dry state perception stage before water intake.
During this critical physical window, the mechanical interactions between fabrics, the inner
drum wall, and adjacent fabrics follow pure tribological and multi-body dynamics laws,
avoiding the nonlinear masking of signal features by water damping. This enables the
capture of highly discriminative physical features that reflect the intrinsic properties of
fabrics, such as stiffness, friction coefficient, and inertia.

For sample classification, in collaboration with enterprise performance experts, fabrics
were scientifically divided into soft load (including pure cotton fabrics, towels, etc., totaling
92 cycles) and hard load (including high-grammage denim, thick canvas, etc., totaling
76 cycles) according to their mechanical behavior and mass distribution under typical
washing cycles. Experimental samples cover the common load range from 1.0 kg to 5.0 kg.
A total of 168 independent washing cycles fully include three typical operating conditions
in the initial startup stage: loosening, unbalance detection, and weighing.

To ensure reliable validation, experiments strictly follow the principle of physical
isolation and cycle decoupling: each sampling corresponds to a complete shutdown-—
cold start-system initialization procedure. Between consecutive acquisitions, clothes are
manually stirred and randomly rearranged to simulate the random eccentric state in real
household scenarios, thereby achieving full cycle-level separation in 5-fold cross-validation
and fundamentally eliminating the common data leakage problem in time-series data.

To address complex disturbances in industrial environments, a physics-driven data
augmentation strategy was introduced. In addition to traditional 10-fold sample expansion,
the dataset was extended to 1680 samples by adding physically consistent Gaussian white
noise (simulating loose sensor installation and electromagnetic interference) and time-
scale perturbation (simulating slight variations in motor response caused by ambient
temperature and voltage fluctuations). To prevent data leakage during model evaluation,
a cycle-based cross-validation protocol was adopted. The initial 168 independent cycles
were partitioned into five folds prior to any data manipulation. Data augmentation was
subsequently executed only on the training subsets within each fold, ensuring that the test
set remained entirely independent and consisted solely of original samples.
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2.5. Experimental Platform and Hardware Deployment Metrics

All model training and inference tasks in this study were completed on a high-
performance computing platform. The experimental platform was built on a Lenovo
Legion Y7000 (2020) laptop, manufactured by Lenovo Group Limited, Beijing, China,
equipped with a 10th-Gen Intel Core i5-10300H processor (2.50 GHz), 16 GB DDR4 2933
MHz system memory, and an NVIDIA GeForce GTX 1650 discrete graphics card (4 GB
GDDR6). The software environment was based on the Windows 11 operating system,
with Python 3.12 as the programming language and the CUDA 12.4 computing library
configured to support the efficient operation of deep learning frameworks.

To verify the deployment feasibility of the PSA-DSMS-TCN architecture in resource-
constrained embedded environments, this paper quantitatively evaluates its computational
complexity and inference latency: (1) The model adopts a lightweight dual-stream structure
(channel width C = 16) with a total parameter count of only 35.2 k. At FP32 precision,
the model weights occupy only approximately 140.8 KB of storage space, which is signifi-
cantly lower than the resource thresholds of mainstream industrial-grade control chips (e.g.,
STMB32 series), demonstrating distinct advantages for hardware deployment. (2) Simulated
tests are conducted by constructing a single-batch mechatronic asynchronous signal stream
(3200 points for the mechanical stream and 160 points for the motor stream). The results
show that the average inference latency of the model is only 3.13 ms. Considering that the
operating step size of industrial washing machine control systems is typically 100-200 ms,
the computational overhead of this model accounts for only 1.5~3.1% of the system task
cycle. This indicates that while maintaining high accuracy, the architecture features ex-
tremely low computational cost and real-time response capability, fully meeting the online
recognition requirements of variable-frequency drive boards with low computing power.

2.6. Experimental Results

To comprehensively and objectively evaluate the performance of the AI model in
the task of laundry material recognition, this study selected accuracy, precision, recall,
and the Fl-score as the core quantitative metrics. Meanwhile, the confusion matrix was
introduced as a visual analysis tool to reveal the detailed misclassification of the model
across different categories.

To eliminate the impact of randomness in dataset division on the evaluation results,
this study adopted a rigorous 5-fold cross-validation method, and the statistical experimen-
tal results are shown in Table 1 and Figure 7a.

Table 1. Model performance statistics based on 5-fold cross-validation.

Fold Accuracy Precision Recall F1-Score
Fold 1 97.06% 96.88% 97.37% 0.9704
Fold 2 97.06% 97.5% 96.67% 0.9699
Fold 3 88.24% 88.93% 87.85% 0.8807
Fold 4 90.91% 91.67% 91.67% 0.9091
Fold 5 96.97% 97.37% 96.67% 0.9692
Mean 94.05% 94.47% 94.05% 0.9399

Statistical data demonstrate that the PSA-DSMS-TCN model exhibits excellent clas-
sification performance and robustness: it achieves an average precision of 94.47%, which
can effectively prevent soft loads from being misclassified as stiff loads and eliminate the
risk of damaging valuable clothes due to excessive mechanical force; its average recall rate
reaches 94.05%, enabling comprehensive detection of stiff loads and ensuring the washing
ratio of heavily soiled clothes meets the standard.
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. (a)5-Fold Cross-Validation Accuracy: PSA-DSMS-TCN (b) PSA-DSMS-TCN
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Figure 7. (a) Accuracy comparison of PSA-DSMS-TCN model with 5-fold cross-validation.
(b) Confusion matrix of the PSA-DSMS-TCN model.

It is worth noting that a slight performance drop was observed in Fold 3 during cross-
validation. This fluctuation is likely attributed to the stochastic nature of fabric distribution
inside the drum. Specifically, certain cycles in Fold 3 exhibited quasi-balanced states for
stiff fabrics, where the mechatronic signatures temporarily resembled those of softer loads.
Such overlap in physical characteristics presents a common challenge for data-driven
models. Nevertheless, the robust average performance (94.05% accuracy) confirms that
the proposed PSA-DSMS-TCN maintains strong generalization capabilities despite the
inherent non-stationarity of real-world operating conditions.

Figure 7b presents the confusion matrix of the model on the test set. It can be observed
that the color of the main diagonal area is significantly deepened with concentrated values,
which intuitively reflects a high degree of consistency between the model’s predicted results
and the true labels. Specifically, the model has established a clear classification boundary
between soft and hard materials, achieving accurate differentiation of the two core material
categories with an extremely low misclassification rate.

To verify the contribution of each component in the proposed PSA-DSMS-TCN ar-
chitecture, this study designed progressive ablation experiments. To ensure rigorous
comparison, all baseline models uniformly adopted the Dual-Stream (DS) input structure
and were independently optimized within the same hyperparameter space. The average
performance metrics and statistical test results of each model under 5-fold cross-validation
are presented in Table 2, and the 5-fold cross-validation accuracy comparison and confusion
matrices are illustrated in Figure 8.

Table 2. Performance comparison: baseline vs. proposed model.

Model
Architecture

Accuracy Precision Recall F1-Score p-Value Cohen_D

DS-CNN 88.13% £ 4.11% 89.16% 88.79% 0.8808 0.064 1.33

DS-TCN

89.29% =+ 3% 90.39% 89.6% 0.892 0.0384 1.23

DSMS-TCN 91.68% =+ 2.18% 92.85% 91.69% 0.9157 0.1163 0.88
PSA-DSMS-TCN  94.05% =+ 3.75% 94.47% 94.04% 0.9399 -— -—
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(a) 5-Fold Cross-Validation Accuracy: DS-CNN
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Figure 8. (a) 5-fold cross-validation accuracy comparison of the DS-CNN model. (b) Confusion
matrix of the DS-CNN model. (c) 5-fold cross-validation accuracy comparison of the DS-TCN model.
(d) Confusion matrix of the DS-TCN model. (e) 5-fold cross-validation accuracy comparison of the
DSMS-TCN model. (f) Confusion matrix of the DSMS-TCN model.

To provide a rigorous benchmark for performance evaluation, the DS-TCN was im-
plemented as an external baseline, strictly adhering to the architectural principles of the
standard Temporal Convolutional Network (TCN) proposed by Bai et al. [12]. Specifically,
itincorporates causal dilated convolutions to efficiently capture long-range temporal depen-
dencies in sensor data. Given the limited existing literature specifically addressing clothing
material identification in drum washing machines, we adopted this widely recognized state-
of-the-art sequence modeling framework as a standard reference. Furthermore, considering
the constrained computing resources of industrial microcontrollers, we adapted the original
architecture by employing Batch Normalization and a streamlined dual-stream structure.

The experimental results show an obvious stepwise performance improvement trend.
By comparing DS-CNN and DS-TCN, it can be seen that the temporal convolution-based
architecture improves the accuracy by 1.16% and exhibits better robustness in the F1-
score. After further introducing the multi-scale mechanism, the accuracy of DSMS-TCN

https:/ /doi.org/10.3390/ technologies14030168


https://doi.org/10.3390/technologies14030168

Technologies 2026, 14, 168

12 of 14

increases to 91.68%, demonstrating the superiority of multi-scale dilated convolution in
capturing cross-scale physical features in washing signals, such as short-term impacts and
long-term trends.

The proposed PSA-DSMS-TCN further improves the accuracy by 2.37 percentage
points compared with DSMS-TCN. To rule out the randomness of the performance gain,
paired-sample t-tests were conducted in this study. The results show that PSA-DSMS-TCN
has a statistical advantage over the standard DS-TCN (p = 0.0384 < 0.05). Although the p-
value between the PSA module and the multi-scale module is marginal (0.1163)—likely due
to the constrained sample size—its Cohen’s d effect size reaches 0.88, which is classified as
a large effect according to statistical criteria. This suggests that the incremental contribution
of the physics-aware mechanism to feature fusion is practically meaningful and offers
robust engineering value.

From the confusion matrix of PSA-DSMS-TCN, it can be observed that the color is most
concentrated on the main diagonal, indicating the lowest misclassification rate. In particular,
the F1-score of the proposed model reaches 0.9399, significantly outperforming DS-CNN
(0.8808). This implies that in practical washing scenarios, the model can more accurately
balance the trade-off between soft load protection and hard load cleaning performance,
effectively reducing the risk of mechanical damage caused by material misclassification,
and thus possesses high industrial application value.

3. Conclusions

To address the urgent demand for accurate fabric material recognition in modern
intelligent washing machines, this study investigates the mechatronic coupling mechanism
during washing machine operation and proposes a deep learning solution incorporating
physical prior knowledge. The core research and innovations are as follows: The physical
feature mapping relationship in the loosening and weighing stages is established, clarifying
the intrinsic correlation between vibration/current signals and clothing materials; the PSA-
DSMS-TCN model is proposed, which alleviates heterogeneous signal interference through
dual-stream decoupling and operating-condition gating architecture, thereby achieving
efficient feature fusion. Experimental results show that the model reaches a 94.05% average
accuracy and a 0.9399 Fl-score during the pre-wash dry-sensing phase. These metrics
confirm the model’s robustness and effectiveness in capturing mechatronic features for
material identification.

This method is implemented based on conventional configurations without additional
sensors. The model has only 35.2 k parameters and an inference latency of 3.13 ms, enabling
real-time judgment at zero time cost. Currently, this study focuses on binary classification.
In future work, more material categories will be added based on the proposed framework,
and the evolution laws of materials under wet-state conditions will be explored to further
improve the generalization and recognition performance of the model under complex
operating scenarios.
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