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Novel robust cross-modal integration fusion model for rapid
moisture content detection in concrete sand
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Abstract: The rapid and accurate detection of concrete sand moisture content (MC) is crucial for ensuring concrete quality.
However, existing unimodal detection methods are constrained by limited representative features and lack robustness. Multimodal
operations often involve simple concatenation of features from different modalities, lacking potential interactivity among features.
To address this issue, a novel robust cross-modal integration fusion model, which uses five branches to extract the features of
images, near-infrared spectrum, and dielectric constant and a multilevel cross-modal integration fusion network to fuse these
features, is proposed for the rapid detection of MC in concrete sand. Specifically, the multilevel cross-modal integration fusion
network comprises a feature attention module, a cross-modal self-attention fusion module, and an integrated output module. The
feature attention module enhances the feature representation from each modality, reducing the interference from redundant
features and noise. The cross-modal self-attention fusion module employs a residual self-attention mechanism to deeply mine
and fuse interactions between modalities while retaining low-level features, improving model accuracy and stability. The
integrated output module is utilized to obtain more robust prediction results. The results show that the proposed model outperforms
unimodal, traditional multimodal, and cross-modal methods on our concrete sand dataset, achieving excellent and robust
prediction results for both machine-made sand (root mean square error E,,,=0.458, coefficient of determination R*=0.983, and
residual predictive deviation D,,=7.900) and natural sand (E,,,=0.705, R*=0.984, and D,,=7.931). The detection time was
within 71 s, significantly enhancing the detection frequency and efficiency, which provides a reliable solution for the rapid

detection of MC in concrete sand.
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1 Introduction

Fine aggregates such as sand are one of the most
common building materials in the construction indus-
try and have been widely used in concrete production.
Fine aggregate stockpiled in open air exhibits large
fluctuation in moisture content (MC), particularly dur-
ing the rainy season. The large fluctuation of water
content directly affects the water—cement ratio of con-
crete and influences its physical and mechanical prop-
erties. It has been shown that slight changes in the
water—cement ratio can significantly affect the strength
of concrete (Gavela et al., 2018). Amlashi et al. (2019)
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found that the amount of added water had the greatest
effect on concrete collapse. In concrete mixing plants,
cementitious materials are sealed in storage tanks, and
under the premise of ensuring accurate measurements,
the direct weighing of these materials has less impact
on the water—cement ratio. However, fine aggregates
are stacked bare during engineering construction. Ac-
cording to engineering statistics, fine aggregate has a
small particle size and high water absorption, and its
MC can fluctuate within the range of 1% to 15% (mass
fraction). Therefore, the MC of sand is one of the most
important factors affecting the water—cement ratio.
According to the Chinese technical code JGJ 52-2006
(MOC, 2006), most of the concrete mixing plants cur-
rently use the traditional bin sampling and drying
method to detect the MC of fine aggregate. However,
this detection method is time-consuming (8 h for the
drying method), inefficient, and insufficient in sample
representation. Therefore, the development of a rapid
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and accurate method for measuring the MC is of great
practical significance and application value.

MC detection methods based on data acquired
from physical sensing devices have become prevalent
in current applications. Recently, many studies based
on unimodal data have been applied to the detection
of MC. Near-infrared (NIR) spectroscopy offers sev-
eral advantages, including its nondestructive, rapid,
and simple nature (Watanabe et al., 2021). This has
led to its widespread adoption in evaluating the MC
of tea, construction and demolition waste characteris-
tics, fruit quality, and soil characteristics (Ng et al.,
2019; Huang et al., 2021; Cao et al., 2024; Radica
et al., 2024). The principle lies in the overtones and
vibrational combinations of molecular bonds such as
O-H, C-H, and N-H, and the hydrogen-containing
chemical components have unique absorption features
in the NIR spectra (Miao et al., 2023). Many chemo-
metric methods have been proposed for classification
and regression problems based on NIR spectral data,
including partial least squares (Guo et al., 2023), sup-
port vector regression (SVR) (Zhang et al., 2021), ran-
dom forests (Nawar and Mouazen, 2019), and artifi-
cial neural networks (ANNs) (Wang QQ et al., 2021).
It should be noted that full NIR spectral data contain a
large amount of noise and irrelevant variables, which
not only increase the complexity of data processing but
also reduce the robustness of the model (Miao et al.,
2023). Therefore, some NIR data preprocessing meth-
ods have been proposed to solve the above problems,
for example, standard normal variable transformation,
multivariate scattering correction, multiorder deriva-
tives, and wavelet transform (Abasi et al., 2019), to
eliminate large amounts of noise and extraneous vari-
ables, thereby improving the accuracy of the model.
However, specific preprocessing methods are only ap-
plicable to a limited number of samples. As data sam-
ples are continuously collected, factors such as equip-
ment aging, fluctuations in ambient temperature and
humidity, and shifts in equipment calibration may in-
troduce more random errors over time, and conven-
tional preprocessing methods are no longer suitable,
leading to reduced generalization ability and robust-
ness of the model (Ni et al., 2019). At the same time,
preprocessing increases the modeling difficulty.

In recent years, the advent of deep learning has
revolutionized the field of chemometrics, with its pow-
erful linear and nonlinear feature extraction capabili-
ties outperforming traditional chemometric methods.

As an end-to-end method, deep learning can automati-
cally extract complex nonlinear features without data
preprocessing, simplifying the difficulty of modeling
and enhancing the generalization ability of the model.
Therefore, convolutional neural networks (CNNs) with
strong local abstract feature extraction and recurrent
neural networks (RNNs) with powerful positional fea-
ture extraction have gradually been applied to spectral
analysis (Zhang et al., 2019; Wang et al., 2021a).
Yang et al. (2020) combined a CNN and gated recur-
rent unit (GRU) framework for soil property predic-
tion. The combined model achieved a better perfor-
mance than the baseline model. Wang et al. (2021b)
developed an end-to-end deep learning network based
on an inception network for full-waveband spectral
feature extraction and soil total nitrogen (STN) con-
tent prediction. Song et al. (2025) proposed a novel
deep learning network (DiSENet), which showed su-
periority over traditional calibration methods for green
tea MC prediction. Yuan et al. (2022) introduced a
novel network architecture that combines a 1D CNN
and attention-based bidirectional GRU (AT-BiGRU)
for NIR abstract and positional feature extraction and
sand gravel MC detection, which achieved better pre-
diction results than other deep learning and traditional
chemometrics methods. The frequency domain reflec-
tion (FDR) technique for measuring the dielectric con-
stant (DC) of substances is another rapid method for
detecting soil MC. It allows for the rapid measure-
ment of MC through the inversion of the DC of the
soil and application of an alternating current (Fragkos
et al., 2024). This is because the DC of freshwater-
amended wet soil is primarily dependent on its MC.
Mouazen and Al-Asadi (2018) combined DC and NIR
spectroscopy to detect soil volumetric MC, which
showed the feasibility of this approach for achieving
relatively high-precision prediction results within a
certain MC range. Krzeminska et al. (2022) used the
DC measured by FDR to inversely derive the soil
MC. Their results effectively reflected the point infor-
mation of the soil MC. Han et al. (2022) used the DC
measured by an FDR sensor to monitor temporal vari-
ations in soil MC. Therefore, using the dielectric prop-
erties of soil for MC detection is regarded as an effec-
tive, rapid, simple, and reliable method (Dean et al.,
1987). Moreover, with the continuous advancement of
imaging technology, researchers have conducted ex-
tensive studies on the detection of soil moisture, soil
salinity, and related parameters utilizing technologies



such as smartphones, unmanned aerial vehicles (UAVs),
and remote sensing, revealing the potential applica-
tions of image-based techniques in the field of soil
property assessment (Zhu et al., 2022; Tobiszewski
and Vakh, 2023; Somkunwar et al., 2024). Khalkho
et al. (2024) estimated soil moisture based on com-
posite optical band images consisting of red, green,
and blue (RGB) bands collected by UAV in conjunc-
tion with the normalized difference moisture index.
Nijaguna et al. (2023) derived vegetation indices (VIs)
from satellite imagery and combined them with an im-
proved water cloud model and a deep learning model
to detect soil moisture, achieving high detection accu-
racy. Rahman et al. (2025) developed a deep neural
network termed MoistNetMax, the maximum version
of moisture neural network, which extracts wood chip
image features for MC detection and demonstrates
superior prediction performance compared to prevail-
ing state-of-the-art deep learning models.

Most of the above studies applied single-modality
data for modeling and have achieved some competi-
tive results in MC detection. However, the limited rep-
resentative features hinder further improvement in the
detection accuracy of related tasks. Moreover, in the
field of soil MC detection, NIR spectroscopy is sus-
ceptible to the influence of soil particle size, which in
turn affects the measurement of absorbance (Wu et al.,
2021). The soil DC is not only influenced by soil or-
ganic matter but also varies with changes in tempera-
ture, dry density, and salinity. Image data can be af-
fected by environmental lighting, acquisition equip-
ment, and the distribution of sand particles. Further-
more, due to external factors such as equipment aging,
prolonged operation, and calibration errors, the mea-
surement process inevitably introduces photon, ther-
mal, electronic, and quantization noises, which approx-
imately follow a Gaussian distribution. These factors
contribute to the lack of robustness in MC measure-
ments based on single-modal data. Therefore, it is
essential to integrate multiple modalities of data to
achieve more competitive detection results.
Multimodal data fusion provides a feasible approach
to addressing the aforementioned issues, which in-
tegrates heterogeneous data from different modali-
ties to exploit the complementarity between data and
provide better predictive performance (Jaafar and
Lachiri, 2023). Recently, moisture detection models
based on multimodal data, including NIR, multispectral,
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thermal, and image data, have progressed in the field
of agricultural and soil moisture detection (Song
et al., 2021; Liu et al., 2022; Zuo et al., 2023). Cheng
et al. (2022) investigated the impact of fusing RGB
image, multispectral, and thermal sensor data on the
accuracy of soil MC estimation. The results indicated
that multimodal data achieved better estimation accu-
racy than single-modal data. Wu et al. (2024) extracted
VI metrics from multimodal UAV remote sensing
data, including RGB image, thermal infrared, and mul-
tispectral data, and constructed a hybrid CNN-long
short-term memory (LSTM) model to achieve high-
accuracy soil moisture estimation. Li et al. (2024)
utilized characteristic wavelengths, RGB images, and
thermal imaging data, incorporating two feature ex-
traction branches to separately extract intermediate fea-
tures from images and wavelengths, and then fused
these features to achieve simultaneous detection of soil
organic matter and MC. However, most multimodal
fusion operations often involve data-level fusion or
simple concatenation of features from different modal-
ities, which ignores the heterogeneity and interaction
between different modalities. Cross-modal feature fu-
sion methods, which can consider the interaction be-
tween different modalities, offer new insights into the
above problems (Hua et al., 2022; Shu et al., 2023;
Wei et al., 2025). Yuan et al. (2024) proposed a deep
multimodal fusion (DMF) model that currently repre-
sents the state of the art in multimodal fusion ap-
proaches for MC detection in sand gravel to integrate
multimodal data—including NIR, images, and DC—
for MC detection, achieving satisfactory measurement
accuracy. He et al. (2023) developed a coattention fu-
sion network that achieved robust prediction results
by using two branches based on the attention mech-
anism to extract features from dermoscopy and clinical
images and a hyperbranch network for refining and
fusing these features from the two branches. Li et al.
(2023) constructed a residual cross-modal fusion at-
tention module for speech and text multimodal infor-
mation fusion, effectively extracting intermodal inter-
actions and achieving state-of-the-art results. Gan et al.
(2024) proposed a novel multimodal emotion analysis
model for videos, which demonstrated excellent per-
formance under both word-aligned and nonaligned set-
tings. Tong and Qian (2025) proposed two cross-modal
feature fusion modules designed to integrate mid-level
and high-level features from multiple modalities, thereby
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enhancing the precision of robotic object grasping. The
previously summarized cross-modal fusion methods
offer new perspectives for rapid MC detection. How-
ever, most of the research has primarily concentrated on
cross-modal interactions at the middle or final stages of
different modalities, overlooking the combined contri-
bution of cross-modal features at different hierarchical
levels to the final MC output and the corresponding
interpretability analysis.

To address these issues, based on the multimodal
data (NIR, images, and DC) mentioned earlier for MC
detection, a novel robust cross-modal integration fu-
sion model for rapid detection of MC in concrete sand
is proposed in this study. The major contributions of
this study are as follows:

(1) A novel robust cross-modal integration fusion
model is proposed for the rapid and accurate MC de-
tection of concrete sand, which can adapt to the influ-
ence of complex engineering environmental changes
on the concrete sand MC and help to improve the man-
agement level of concrete production quality in the
construction stage.

(2) A multilevel cross-modal integration fusion
network is proposed to comprehensively consider both
intramodal and intermodal feature interactions. Specif-
ically, the multilevel cross-modal integration fusion
network comprises a feature attention module, a cross-
modal self-attention fusion (SAF) module, and an in-
tegrated output module. The feature attention module
enhances the feature representation from each modality,
reducing the interference from redundant features and
noise. The cross-modal SAF module employs a resid-
ual self-attention mechanism to deeply mine and fuse
interactions between modalities while retaining low-
level features, improving model accuracy and stability.
The integration output module consolidates the results
from different levels of fused features to obtain more
robust MC detection results.

2 Research framework

Fig. 1 presents the research framework of this
study, which consists of three parts: (1) Data acquisi-
tion. The onsite sand yard of a hydropower station in
southwest China was selected as the research object.
In accordance with the on-site MC testing workflow
for fine aggregates, this study conducted multimodal
data-based MC detection via on-site sampling and

subsequent testing in a field laboratory. Specifically,
various moisture states were simulated by adding dif-
ferent amounts of water to the dry sand materials.
Multimodal data were collected using an NIR spec-
trometer, a smartphone, and a DC measurement de-
vice. The data were then divided into training, valida-
tion, and test datasets. (2) Establish of a cross-modal
integration fusion model. Based on the acquired train-
ing and validation datasets, a robust cross-modal fea-
ture fusion model for sand MC detection was devel-
oped by combining five unimodal branch models with
the proposed multilevel cross-modal integration fusion
network. (3) Detection results of moisture content in
concrete sand. Using the proposed cross-modal inte-
grated fusion model, the MC of the test dataset was
detected, and the superiority of the proposed model
over the comparative models was validated. Addition-
ally, the robustness of the proposed model was dis-
cussed under different types and levels of noise in the
test dataset.

3 Data acquisition

The concrete sand used in this study was obtained
from a concrete sand yard of a large-scale water con-
servancy project in southwest China. Based on engi-
neering data, the fineness moduli of natural sand and
machine-made sand are 1.77 and 2.87, respectively.
Three gradation tests were conducted on the sampled
sand, and the results are displayed in Fig. S1 of the
electronic supplementary materials (ESM). The fine-
ness modulus of the sampled sand is consistent with
that of the sand in the field, indicating good represen-
tation. Following the JGJ 52-2006 standard (MOC,
2006), the collected sand samples were weighed in a
pre-weighed container and dried in an electric oven at
105 °C. The fine aggregate was stirred thoroughly
every 30 min of drying. After 6 h of drying, the sam-
ples were cooled to the room temperature in an exper-
imental cabinet and weighed. This weighing process
was repeated every 30 min until a constant mass was
achieved (defined as a mass difference of <0.1% be-
tween successive weighings). After drying and natural
cooling processes, the natural and machine-made sands
were evenly divided into three groups. Each group
was then placed into a dry aluminum box and sealed
with an impermeable membrane. Each set of samples
was weighed on an electronic scale, and the masses of
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Fig. 1 Research framework (the abbreviations and parameters will be explained in the text)

the corresponding aluminum box, mixing spoon, and
dry sand were recorded. It should be noted that the
ambient environment was regulated via an air condi-
tioning system to maintain a temperature of 25 °C and
a relative humidity of approximately 60%. By limit-
ing the natural cooling time to within 30 min, the in-
fluence of ambient humidity on the dried fine aggre-
gates was effectively minimized. Subsequently, a ran-
dom amount of tap water—consistent with the water
source used in the actual engineering project—was
added to each set of samples and stirred thoroughly to
establish their initial MC. It should be noted that the
mixing spoon was included in the subsequent weighing
to avoid mass loss caused by small amounts of sand and
water adhering to the spoon. The formula for calculat-
ing the MC of the concrete sand is given by Eq. (1).

w= T 100%,

my—m,

(M

where w denotes the MC of the sand (%); m,, repre-
sents the total mass of the wet sand, aluminum box,
and spoon (kg); m, is the total mass of the dry sand,
aluminum box, and spoon (kg); m, is the total mass of
the aluminum box and spoon (kg).

After initializing the MC of all sand samples,
multimodal data acquisition was carried out. For de-
tailed procedures, please refer to Section S1 of the
ESM. Finally, 147 machine-made and 183 natural sand
samples were obtained. The statistical characteristics
of the MC of the measured sand are listed in Table S1
of the ESM.

4 Methodology

As described in Section 3, this study acquired
three modalities of data for the sand samples: NIR
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spectra, images, and DC. The NIR spectra cover a
wavelength range of 1350 to 2150 nm, containing ab-
sorbance features across 160 continuous bands. As
demonstrated by Yuan et al. (2022), NIR spectral
curves exhibit distinct local characteristic peaks and
sequential patterns that vary with wavelength, reflect-
ing significant abstract and sequential positional prop-
erties. Consequently, these abstract and sequential po-
sitional characteristics are comprehensively considered
during NIR spectral modeling in this study. Further-
more, the experimental results indicate that the surface
color, texture, and particle distribution states of the
sand vary with MC. Therefore, when processing the
image modality data, the physical input consists of
the entire camera field of view, which is resized into a
complete 224x224 pixel RGB three-channel image.
The modeling of these images aims to extract high-
dimensional feature representations of the darkening
color and altered surface texture associated with vary-
ing moisture levels, thereby capturing their nonlinear
mapping relationship with the MC. The DC is unidi-
mensional data, serving as a single scalar value that
reflects the MC. During modeling, its fusion with the
high-dimensional NIR spectra and image features,
along with its specific contribution to decision-level
fusion, is fully considered. The proposed theory is de-
tailed below from two main aspects: unimodal feature
extraction and multimodal feature fusion.

4.1 Unimodal feature extraction method

4.1.1 NIR feature extraction under the improved CNN
and AT-BiGRU frameworks

Inspired by Yuan et al. (2022), this study designed
a dual-branch architecture to separately extract abstract
and positional features from NIR data. CNNs can ex-
tract local and abstract features from spectral data via
multilayer convolution and pooling, as described in
detail in Yang et al. (2020). Currently, the most popu-
lar CNNs stack the convolutional layers in increasingly
deeper configurations to achieve better results (Inthiyaz
et al., 2023); however, this leads to degradation in the
network performance. The inception model (Szegedy
et al., 2015), which improves the network performance
by increasing both the depth and width of the network,
can solve the aforementioned problem. In addition,
depthwise separable convolution (DWConv) (Shaheed
et al., 2022) can balance model accuracy and opera-
tional complexity, significantly reducing the number

of parameters. Therefore, DWConv is employed as a
replacement for ordinary convolution to extract the
NIR features in this study. Recently, the convolutional
block attention module (CBAM) has been widely
used to perform adaptive weighting on the channel
and spatial dimensions of feature maps to enhance key
information (You et al., 2025). Therefore, to effectively
extract key features from NIR spectra, this study com-
bines the strengths of DWConv, the inception archi-
tecture, and CBAM to propose an improved CNN
(ICNN) for abstract spectral feature extraction, as il-
lustrated in Fig. S2 of the ESM.

The GRU model, which can effectively alleviate
the gradient vanishing problem in RNNs and shorten
the training time, was first proposed by Chung et al.
(2014) for sequence modeling. The GRU uses the so-
called update gate and reset gate (Liu et al., 2020). In
the GRU, the states are always output from forward
to reverse, ignoring the dependency between spectral
sequence positions. A bidirectional GRU (BiGRU) con-
sists of forward and reverse GRUs that can effectively
extract the interdependencies between the positions of
spectral sequences. However, fully connected networks
cannot consider the importance of different sequences
when processing long sequence samples, which ad-
versely affects the performance of the model. The mul-
tihead self-attention mechanism, which can efficiently
identify correlations between different parts of an
input, has been widely used in natural language pro-
cessing (Vaswani et al., 2017) and fault detection of
wind turbine gearboxes (Yu et al., 2024). Therefore,
an improved GRU model (AT-BiGRU) (Yuan et al.,
2022) that integrates a BIGRU with a multihead self-
attention mechanism was proposed to extract the po-
tential positional features of spectral sequences. The
network structure of the AT-BiGRU is shown in Fig. S3
of the ESM.

4.1.2 Image feature extraction under improved
EfficientNet

EfficientNet is an architectural and scaling tech-
nique for convolutional neural networks that uses a
compound coefficient to scale all depth, breadth, and
resolution dimensions evenly (Tan and Le, 2019).
EfficientNet-B0 is composed of 2D depthwise convo-
lution blocks, which have been proven to be incredi-
bly efficient in terms of both processing time and cost.
Therefore, EfficientNet-BO was selected as the image



feature extractor. To further enhance the model’s ro-
bustness against measurement noise, an improved Ef-
ficientNet (IEfficientNet) was constructed. Specifically,
the CBAM was embedded into the final convolutional
layer to improve the extraction of key features, and
the network architecture is illustrated in Fig. S4 of the
ESM. To adapt to the task of sand MC detection, we
applied transfer learning by utilizing the pretrained
weights of EfficientNet-B0 available in the Torchvi-
sion open-source library. The layer after the global av-
erage pooling layer in the original EfficientNet-BO was
replaced with our fully connected layer, and the model
was fine-tuned specifically for sand MC detection. In
addition, image flipping and standardization were
employed to enhance the generalization ability of the
model.

4.1.3 DC feature extraction under ANN and GWOSVR

The DC features exhibit significant nonlinear char-
acteristics. SVR, based on the principle of structural
risk minimization (SRM) in statistical learning theory,
can effectively address highly nonlinear regression and
classification problems (Fan et al., 2023). Therefore,
this study leverages the advantages of SVR in nonlin-
ear modeling to construct a regression model between
DC features and MC. The SVR regression problem is
detailed in Section S2.3 of the ESM. The selection of
SVR hyperparameters determines the quality of the
model’s fitting capability. Therefore, the gray wolf op-
timizer (GWO), characterized by its simple structure
and ease of adjustment, was used to optimize the hy-
perparameters, and an accurate MC detection model,
GWO-SVR (GWOSVR), was obtained. The specific
principles are detailed in (Fan et al., 2023). The estab-
lishment of the DC feature-based GWOSVR model
provides a reliable MC prediction branch for the mul-
tilevel fusion strategy within the final MC detection
framework under small-sample conditions. Further-
more, to address the challenge of integrating the unidi-
mensional DC feature with high-dimensional NIR spec-
tral and image features, an ANN was used for nonlin-
ear mapping to obtain high-dimensional nonlinear fea-
tures. The structure of the ANN is presented in Table 1.

4.2 Multilevel cross-modal integration fusion model

Most existing MC detection models have lacked
consideration of the potential interactions among mul-
timodal features. To effectively integrate features at
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Table 1 Structure of the ANN model

Layer Number
Input 1
Hiddenl 10
Hidden2 5
Output

different levels and enhance interactions between both
intramodal and intermodal modalities and further le-
verage the contributions of features at various levels
to the final output, a multilevel cross-modal integration
fusion (MCIF) model was proposed in this study, and
the structure of the proposed model is illustrated in
Fig. 2. The MCIF comprises a feature attention (FA)
module (A), a cross-modal SAF module (B), and an
integrated output module (C). In module A, consider-
ing the impact of noise and redundant features within
multimodal features, two learnable parameter matrices,
UeR" and We R"', were introduced for calculat-
ing the intramodal feature attention scores. Subse-
quently, feature weights were obtained and multiplied
with the multimodal features to enhance the represen-
tation of intramodal features while reducing the im-
pact of noise and redundant data. This principle is ex-
pressed in Egs. (2)—(4).

Ci=Utanh(WFi+b), i=1,2 - n  (2)

Ci
A e
> exp(C))
i=1
F/'=aixF,, i=1,2 - n, 4)

where k represents one of the following modalities:
the abstract feature modality of NIR data (a, NIR1),
the positional feature modality of NIR data (b, NIR2),
the image modality (c, Img), and the DC modality (d,
DC). n denotes the number of intramodal features.
F| denotes the ith feature of the kth modality. The
weight matrix W and bias term b are used to map F,
to the attention space, which is then multiplied by the
weight matrix U to obtain the attention score, Cj,
which is the attention score computed for the ith fea-
ture of the kth modality. C; is fed into softmax to
generate the feature attention weights a;, which are
multiplied by F| to obtain the enhanced unimodal fea-
ture F;'. It should be noted that in Fig. 2, F, e R"*"
and F, e R"! denote the DC feature after nonlinear
transformation and the single-dimensional DC feature,
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respectively. Fje R'' is the feature obtained by en-
hancing F, through module A, and F{=F '

Module B was proposed for intermodal relation
extraction and deep feature fusion. Specifically, the
intramodal enhancement feature F/eR"™ was used as
the input, and three weight matrices, namely, Q,e R™',
K,cR™', and V,eR"™, were obtained by feature map-
ping through three weight vectors: W, eR"™, WeR"™,
and W}eR"™. Q,eR™ and K,cR™" were dot multi-
plied to compute the similarity between the sequences
and obtain the weights, which were then divided by
\/Z (where d, is the dimensionality of K,) for scaling
to prevent the result from falling on a very small gra-
dient. Subsequently, the weights were normalized using
the softmax function. Finally, the weighted values of
the weights with the corresponding weight matrices
V,eR™" were utilized to obtain fusion features F/'e
R'*" that consider intermodal correlations. In addition,
to minimize the loss of modal information and avoid
gradient vanishing and explosion during the train-
ing process, we further fused the intramodal enhance-
ment features with the intermodal fusion features by
adding residual connections. This concept is expressed
in Egs. (5)—(11).

Qk:Wk]ka’a Kk:WkZXFkI7 Vk:WkSXFk,’ (5)
T
a, - LK 6)
Jd,
a,,,=Softmax(a,,,), @)
F= &a,aVa+&b.aVb+&c.aVc+Fa'9 3
F'= &a,bVa+&b.be+dc.ch+Fb,? ©)
F'=a,V.+a,V.+a V. +F. (10)
F"=Concat(F/, F,"F! F/'), (1)

where m, ke{a, b, ¢}. a,,, and a,,, represent the fea-
ture score and feature weight of multimodality, re-
spectively. F/e R, F/e R, and F!e R"™" are
the NIR abstract fusion features, NIR positional fu-
sion features, and image fusion features considering
the correlation between modalities, respectively. For
the DC feature, the ANN described in Section 4.1.3 is
employed to perform nonlinear transformation, gener-
ating 10 nonlinear features for multilevel feature fu-
sion. After obtaining the DC features and fusion fea-
tures for each modality, the cross-modal fusion fea-
tures F"e RV were obtained by concatenation. In
Fig. 2, FC denotes the fully connected layer, which

consists of two hidden layers with 256 and 128 nodes,
respectively.

Module C was proposed to integrate the output
results of features from different levels, aiming to
achieve more robust MC detection results. The DC
features are modeled using the GWOSVR described
in Section 4.1.3, and the output results are utilized for
decision-level fusion in module C. Finally, the uni-
modal fusion feature prediction results (p,, p,, and p,),
cross-modal fusion feature prediction results (p,), and
DC prediction results (p,) were weighted summation
using trainable weights to obtain the final MC predic-
tion results, as shown in Eq. (12).

w=W,p,+W,p,+Wps+W,p,+Wps, (12)

where W, to W are five trainable weight parameters.
4.3 Model setting and evaluation

As described above, the flowchart of our pro-
posed improved cross-modal integration fusion meth-
od for the rapid detection of MC in concrete sand is
displayed in Fig. 1. The input features of the model
were standardized using Z-score normalization. The
loss function of the model is the root mean square
error (RMSE) between the predicted and measured
values. In the training stage, the adaptive moment esti-
mation (Adam) optimizer (Kingma and Ba, 2015) was
used to adaptively tune the model parameters. The
batch size of the model was set to 20. The initial
learning rate was set to 5x10™ and was decreased by
a factor of 0.9 every 30 epochs. The maximum num-
ber of iterations was set to 500. To avoid overfitting,
the dropout layer was set before the fully connected
layer, and the dropping rate was set to 0.1. Training
was stopped when the absolute error of the loss value
between 10 consecutive epochs in the verification da-
taset was less than 1x10™ or when the maximum ep-
och was reached. Finally, the model corresponding to
the minimum loss value of the verification dataset
was selected as the calibration model for the final MC
detection. The model was implemented in Python us-
ing PyTorch with a single NVIDIA GeForce GTX
1060 GPU. The model performance was evaluated
using the RMSE (E,,), coefficient of determination
(R, and residual predictive deviation (RPD, D).
The detailed principles are elaborately described in
Yuan et al. (2022). Additionally, the improvement



=]

J Zhejiang Univ-Sci A 2026 27(7):711-729 | 719

ee--ee Vx1280 ®e--00 \x1280

ee-:-00 V%1280

__________ , F F?
® (]
a
F' K

Cross-modal self-attention fusion
>
module(B)

Nx1280

Nx1280

Concatenate

> <

"J Nx3850

Integrated output module (C)

A 4
C Moisture content ) Nx1

Fig. 2 Flowchart of the multilevel cross-modal integration fusion model

rate (IR) of the test set RMSE was employed to evalu-
ate the comparative performance of the models, de-
fined as follows:

_ |EB_EA|

R, £,

(13)

where R, is the IR, E, is the RMSE of the superior
model A on the test set, and £ is the RMSE of the in-
ferior model B on the test set.

5 Results and analysis

Using the data acquisition method described in
Section 3, we obtained 147 multimodal samples of
machine-made sand and 183 multimodal samples of
natural sand. To ensure that the trained model could

achieve a better generalization performance, we sort-
ed all data according to the MC, from large to small.
Then, a group of six samples was divided into train-
ing, validation, and test sets at a ratio of 4:1:1. The rele-
vant statistical properties are presented in Table S1 of
the ESM. For convenience, the following definitions
are provided: N refers to NIR modal information, I
represents image modal information, and D denotes
DC modal information. The naming conventions and
their semantic interpretations for the corresponding
models are systematically detailed in Table 2.

Fig. 3 depicts the performance of the proposed
NID-MCIF model on both machine-made and natural
sand multimodal test sets. It can be observed that the
proposed NID-MCIF model achieves high accuracy
for the MC detection of both sands (R’=0.983, E,,=
0.458, and D,,=7.900 for machine-made sand and R*=
0.984, E,,,~0.705, and D,,=7.931 for natural sand). This
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Table 2 Model nomenclature and semantic conventions

Model Description
NID-MCIF The MCIF-based trimodal fusion prediction
model, with all subsequent multimodal
combinations adhering to this
nomenclature convention
NID-MCIF_ The MCIF-based trimodal fusion prediction
without A model with module A removed
NID-MCIF_ The MCIF-based trimodal fusion prediction
without B model with module B removed
NID-MCIF_ The MCIF-based trimodal fusion prediction
without C model with module C removed
NID-MCIF_ The MCIF-based trimodal fusion prediction

without AB  model with modules A and B removed

NID-MCIF_ The MCIF-based trimodal fusion prediction
without AC  model with modules A and C removed

NID-MCIF_ The MCIF-based trimodal fusion prediction
without BC  model with modules B and C removed

NID-CC The simple feature-concatenation-based
trimodal fusion prediction model, with all
subsequent multimodal combinations

adhering to this nomenclature convention

NID-DMF The trimodal fusion prediction model based
on the DMF model proposed in Yuan et al.
(2024), with all subsequent multimodal
combinations adhering to this

nomenclature convention

NID-SAF The SAF trimodal fusion prediction model,
with all subsequent multimodal
combinations adhering to this

nomenclature convention

result highlights the model’s excellent performance in
predicting the MC of sand and its potential applicabil-
ity for different sand materials. In terms of detection
time, the multimodal data acquisition process requires
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approximately 70 s, and the model inference takes
approximately 0.62 s, resulting in an overall MC de-
tection time of approximately 71 s. Compared to the
traditional oven-drying method (8 h) and the frying
method (30 min), this approach yields a significant
improvement in detection efficiency. The testing fre-
quency can be increased by a factor of approximately
24, thereby substantially enhancing the ability to cap-
ture fluctuations in fine aggregate MC. According to
engineering records, the batching plant evaluated in
this study operates with a standard concrete produc-
tion capacity of 131 m'h, corresponding to an hourly
output of approximately 50 batches. Given that the
single-batch detection time is approximately 72 s, the
proposed method clearly demonstrates the capability
for real-time detection. Furthermore, this study ana-
lyzed the generalization performance of the proposed
model and the weights of multimodal fusion and con-
ducted ablation experiments on the proposed model
to verify the superiority of the NID-MCIF architec-
tural design. For details, please refer to Section S3 of
the ESM.

6 Discussion
6.1 Comparison with the unimodal model

To verify the superiority of the proposed ap-
proach over the unimodal method, models were built
for the NIR, DC, and image modal data, including
ICNN, AT-BiGRU, GWOSVR, ANN, and IEfficientNet.
Furthermore, to investigate their effectiveness in fusing
different types of features within the NIR modality and
to compare them with a simple feature concatenation
model (CNN-GRU), this study applied the proposed
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Fig. 3 Prediction results of the proposed NID-MCFI model for the MC of concrete sand: (a) machine-made sand;

(b) natural sand



MCIF model, the DMF model from Yuan et al. (2024),
and the traditional SAF model to fuse spectral ab-
stract and positional features. This resulted in the con-
struction of the following NIR fusion models: the
MCIF-based NIR fusion model (CNN-GRU-MCIF),
the DMF-based NIR fusion model (CNN-GRU-DMF),
and the SAF-based NIR fusion model (CNN-GRU-
SAF). The model parameters described above are con-
sistent with those in Section 4.1. For NIR data model-
ing, ANN and GWOSVR were also utilized for com-
parative analysis. The ANN consists of an input layer
(160 neurons), two hidden layers (256 and 128 neu-
rons), and an output layer (one neuron). The kernel
and penalty parameters of the SVR are optimized iter-
atively by the GWO algorithm between 0.01 and 10,
with the population size defined as 30 and the maxi-
mum number of iterations set as 50. The model train-
ing strategy is consistent with that described in Sec-
tion 4.3. Fig. 4 illustrates the IRs achieved by the pro-
posed model compared to the comparison models in
MC detection for two types of sand materials, and
Fig. 5 displays the prediction results of each unimodal
model for the MC test set of machine-made sand.
Table S4 of the ESM presents the performance of the
proposed cross-modal fusion model alongside various
unimodal models in MC detection of machine-made and
natural sands. The results demonstrate that GWOSVR
(R*=0.952, E,,=0.774, and D,,=4.679) employed for
modeling DC features achieved the highest accuracy
in MC detection. This can be attributed to the com-
plete insertion of the DC detection device’s probe into
the sand material, which minimizes interference from
external environmental fluctuations and consequently
enhances the model’s detection precision. For NIR
data, CNN-GRU-MCIF, CNN-GRU-DMF, and CNN-
GRU-SAF all exhibit significantly superior perfor-
mance relative to CNN-GRU, demonstrating that mod-
eling interactions between NIR abstract and positional
features enhances predictive capability. Notably, the
CNN-GRU model exhibits inferior performance com-
pared to the ICNN and AT-BiGRU models, which con-
trasts with the findings of Yuan et al. (2022). This can
be attributed to the simpler dual-branch architecture
employed by Yuan et al. (2022), which features lower
feature dimensions and relatively lower heterogeneity
between the two feature types. Consequently, their
dual-branch model, based on a straightforward con-
catenation fusion strategy, can still achieve improved
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Fig. 4 IRs of the NID-MCIF model compared with those
of other models: (a) machine-made sand; (b) natural sand

prediction accuracy. In contrast, the dual-branch model
in this study extracts a larger volume and higher ca-
pacity of features, leading to increased feature hetero-
geneity. As a result, the dual-branch model relying on
a simple concatenation fusion strategy yields subop-
timal performance. Simultaneously, compared to the
ICNN and AT-BiGRU models, the IRs of the CNN-
GRU-MCIF model for MC detection in machine-made
and natural sands are {14.44%, 4.84%} and {11.40%,
13.68%}, respectively, further validating the efficacy
of utilizing both the dual-branch architecture and
the MCIF fusion strategy to enhance overall model
performance.

Moreover, these three cross-modal fusion models
exhibit minimal performance variation among them-
selves, attributable to the constrained representational
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Fig. 5 Scatter diagram of the MC prediction results of machine-made sand using unimodal models: (a) ICNN; (b) AT-
BiGRU; (¢) CNN-GRU; (d) CNN-GRU-MCIF; (e) CNN-GRU-DMF; (f) CNN-GRU-SAF; (g) GWOSVR (NIR); (h) ANN
(NIR); (i) GWOSVR (DC); (j) ANN (DC); (k) IEfficientNet

capacity of single-modal features limiting their infor-
mation mining potential. Furthermore, [EfficientNet

(R*=0.943, E,,=0.843, and D,,=4.293) exhibited rela-
tively strong performance on image data. These results



indicate that different models exhibit significant varia-
tions across different data types. Compared to the opti-
mal unimodal MC detection model (GWOSVR (DC)),
the proposed NID-MCIF significantly enhances MC
detection accuracy by effectively integrating key
information from multimodal features. The results in
Table S4 of the ESM indicate that the proposed NID-
MCIF model maintains significant superiority across
different types of sand materials, thereby validating
its applicability.

6.2 Comparison with the multimodal model

The ablation experiments presented in Section S3.3
of the ESM demonstrate the effectiveness of the pro-
posed MCIF network in cross-modal feature fusion
across three modalities. To further explore the perfor-
mance of different modality combinations and fusion
strategies in MC detection for sand materials, this
study designed multiple comparative experiments en-
compassing MCIF, DMF, and SAF models alongside
feature concatenation baselines, all implemented with-
in both tri-modal and bimodal frameworks. The re-
sults are shown in Fig. 6 and Table S5 of the ESM. As
shown in Fig. 4, the proposed NID-MCIF model dem-
onstrates superior performance in MC detection for
two types of sand. Compared to other multimodal fu-
sion models, the proposed NID-MCIF model achieves
a minimum IR of 16.7% for machine-made sand and
18.8% for natural sand and a maximum IR of 57.4%
for machine-made sand and 52.0% for natural sand,
highlighting its remarkable advantage. The NI-MCIF
model (machine-made sand: R*=0.976, E,,,=0.550,
and D,,=6.590; natural sand: R*=0.964, E,,=1.038,
and D,,=5.388) and the ND-MCIF model (machine-
made sand: R’=0.971, E,,=0.599, and D,,=6.043; nat-
ural sand: R’=0.975, E,,=0.868, and D,,=6.443) dem-
onstrate significant improvements in RMSE compared
to the NI-CC model (machine-made sand: R*=0.918,
E,,=1.013, and D,,=3.572; natural sand: R’=0.928,
E—1.469, and D,,=3.807) and the ND-CC model
(machine-made sand: R*=0.908, E,,,=1.075, and D,,=
3.366; natural sand: R*=0.945, E,,~=1.286, and D,,=
4.351). Specifically, the IRs in RMSE are 45.71%
(machine-made sand) and 29.34% (natural sand) for
NI-MCIF and 44.28% (machine-made sand) and
32.50% (natural sand) for ND-MCIF. Furthermore,
within the same modal framework, the MCIF model
outperformed the DMF and SAF models on both the
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machine-made and natural sand test sets. The results
above demonstrate that the proposed MCIF remains
effective in extracting intermodal interactions and
multilevel feature contributions within bimodal data
and exhibits significant advantages over the state-of-
the-art multimodal fusion model for MC detection and
simple concatenation-based fusion models. The com-
parative analysis of model floating point operations
(FLOPs) indicates that, compared to the NID-DMF,
NID-SAF, and NID-CC models, the proposed NID-
MCIF model introduces a marginal increase in FLOPs
(0.65%) while achieving a substantial enhancement in
performance (19.5%—48.2%). This minimal increase
in computational overhead is highly disproportionate
to the significant performance gains, indicating that
the improvements primarily stem from the refined fu-
sion strategy. The comparative analysis of model pa-
rameters indicates that the NID-MCIF model contains
4.83, 1.38, and 4.35 times the parameters of the NID-
DMF, NID-SAF, and NID-CC models, respectively,
while achieving performance IRs of 35.1%, 38.7%,
and 48.2% (using the machine-made sand test set as
an example). Furthermore, the parameter volumes of
the NID-DMF and NID-SAF models are 0.90 and
3.15 times that of the NID-CC model, yielding IRs of
20.14% and 15.50%, respectively. The relative perfor-
mance of the NID-SAF and NID-DMF models com-
pared to the NID-CC model demonstrates that a mere
increase in parameter volume does not guarantee a sig-
nificant enhancement in model performance. Notably,
although the NID-MCIF and NID-SAF models possess
comparable parameter volumes, the NID-MCIF model
exhibits a substantial performance improvement over
both the NID-SAF and NID-CC models. This effec-
tively validates the superiority and effectiveness of
the proposed MCIF fusion strategy. Furthermore, this
study further investigates different modality combina-
tions under the same fusion strategy. For details, please
refer to Section S4.2 of the ESM.

6.3 Robustness analysis

As previously discussed, during the operation of
sensing equipment, the multimodal data acquisition
process is inevitably affected by factors such as equip-
ment aging, operational runtime, and calibration er-
rors. Consequently, various types of noise—including
photon noise, thermal noise, and electronic and quan-
tization noise—are introduced. During NIR spectral



724 |

J Zhejiang Univ-Sci A 2026 27(7):711-729

14
- NIR+Img+DC . i
R 12} R=0.938 080"
E Erys=0.884 o
2 101 De=4.007 o® .-
3 i
o 8l &
=5 ()
B 6l o
5] e
€ ,’oo
B 4 o0
5 &
© ol /0
= Q/é
0 . ; . . : ;
0 2 4 6 8 10 12 14
Observed moisture content (%)
(a)
AM' NIR+Img ° °
L 1ol R=0918 ¥
£ Eaus=1.013 o o,
210} De=3572 o °
Q .
8 -
p 8 -
2 0%’
é 6 ’f," o
5 4] PP
5 (e
Q L ;2@
& 2] .0
&
0 ; ; : ; : ; ;
0 2 4 6 8 10 12 14
Observed moisture content (%)
(d)
4T NIR+img -
S 4o} R=0948 9’
= Enys=0.808 - o
c RMS™ o Q-
L 10} De=4480 0 o0
o .
o o,-
o 8F 57
El 96
> | o,
é 6 /,o
R )
8 40 S0°
8,
o .0
ole . ; ; ; ; ;
0 2 4 6 8 10 12 14
Observed moisture content (%)
(9)
T \RreDc o
2 10| R=0.956 o .-°°
< Erus=0.747 3
£ 10| De=4847 a®
Q O *
[s] 0.
o 8F e,
£ P
B 47 2
% ,lo 0.8
o L.
0 i ; ; ; i i
0 2 4 6 8 10 12 14

Observed moisture content (%)

(0]

14t

Predict moisture content (%)

14F

Predict moisture content (%)

14

Predict moisture content (%)

14 F

Predict moisture content (%)

127
101

o N MO

127
101

o N b~ O

127
101

o N A~ O

127
1071

o N b~ O

NIR+Img+DC 0.’
R?=0.963 e
Exs=0.706 8.8
‘o
Dgp=5.128 &6
o,
0%
X
0’0
Y il
’Q’
[0, 9
0 2 4 6 8 10 12 14
Observed moisture content (%)
(b)
NIR+Img .
R?=0.976 00
Erus=0.550 09°°
Dre=6.590 9.’
ooo'
,060
L,
2°
]
e
0
o"O
0 2 4 6 8 10 12 14
Observed moisture content (%)
(e)
<]
NIR+DC "
R=0.908 0,,-9°
. e 7
Erus=1.075 y
Drp=3.366 o
e.’
oO "
[o] ,/
K4
i
oo 0
L D
0,0
0 2 4 6 8 10 12 14
Observed moisture content (%)
(h)
NIR+DC "
R?=0.955 o0
Erus=0.754 0.4
Dep=4.804 00%
%)
oo,»'°
o-%0
el
0% ©
oo )
0 2 4 6 8 10 12 14

Observed moisture content (%)

(k)

14 F

Predict moisture content (%) Predict moisture content (%)

Predict moisture content (%)

14 F

Predict moisture content (%)

12}
10}

o N A~ O

12}
10}

o N A~ O

12r
1071

o N A~ O

12
10r

o N MO

(o]
NIR+Img+DC .6
R?=0.956 A
Erus=0.747 °o &
Dgp=4.845 .
qucfo
o"oO
9&00
&
o
0 2 4 6 8 10 12 14
Observed moisture content (%)
(c)
NIR+Img L’
R?=0.947 o
Erns=0.817 96 %o
Dre=4.429 0?,9'
P
I
P
&
29
oodooo
, P
°-%

0 2 4 6 8 10 12 14
Observed moisture content (%)
®
NIR+DC .
Re=0.971 o ¥

Erys=0.599 000,
Dgp=6.043
o
on
0 %%
&
ood
0
P
o,-0
0O 2 4 6 8 10 12 14
Observed moisture content (%)
0)
Img+DC L
R?=0.968 000
Eqys=0.632 ,o'é
Dep=5.724 .6
¢ogo
(o]
1906
o-”
0
o °
K
o
o . . . . . .
0O 2 4 6 8 10 12 14

Observed moisture content (%)

U

Fig. 6 Scatter diagram of the MC prediction results of machine-made sand based on multimodal models: (a) NID-CC;
(b) NID-DMF; (c) NID-SAF; (d) NI-CC; (e) NI-MCIF; (f) NI-DMF; (g) NI-SAF; (h) ND-CC; (i) ND-MCIF; (j) ND-DMF;
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measurements, the random arrival of photons at the
detector follows a Poisson distribution, which can be

approximated as a Gaussian distribution when the
photon count is sufficiently large. Furthermore, devices



such as the NIR spectrometer, mobile phones, and DC
detection equipment are prone to heating during mea-
surements, thereby generating thermal noise. This
noise originates primarily from the thermal motion of
electrons within the detectors and circuitry; theoreti-
cally, it acts as white noise with an amplitude con-
forming to a Gaussian distribution. Therefore, accord-
ing to the central limit theorem, the superposition of
these multiple independent noise sources results in a
total noise profile that tends to follow a Gaussian dis-
tribution. Consequently, it is necessary to further inves-
tigate the model’s robustness under varying signal-to-
noise ratios. Building upon the foundational work of
Zhong et al. (2019) and Yuan et al. (2024), this study
introduced Gaussian noise at eight distinct relative
noise levels—specifically 0%, 1%, 3%, 5%, 7%, 9%,
13%, and 15%—into each modality of the test set.
For each noise level, six repeated experiments were
conducted to examine the model’s stability when ex-
posed to identical noise conditions. For the analysis
of the impact of unimodal noise on model perfor-
mance, please refer to Section S4.3 of the ESM.

Fig. 7 illustrates the variation in R’ values for the
two sand datasets under simultaneous image noise,
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NIR noise, and DC noise at different levels. In the ma-
chine-made sand dataset, when the relative noise level
is less than or equal to 5%, the proposed NID-MCIF
model exhibits a relatively slow decline in R’, main-
taining values above 97% and demonstrating good ac-
curacy. However, as the relative noise level increases
further, the model’s performance declines more rapidly,
indicating reduced robustness. In contrast, the NI-
MCIF model shows better robustness. The ND-MCIF
model also demonstrates strong robustness when the
relative noise level is less than or equal to 5%, but its
performance decreases as the noise level increases. In
the natural sand dataset, the proposed model performs
better than in the machine-made sand dataset, with a
slower decline in R* and consistently superior per-
formance compared to other models. The ND-MCIF
model similarly demonstrates better robustness than
other models. The NI-MCIF model exhibits no signifi-
cant decline in R* when the relative noise level is less
than or equal to 5%, showing good robustness. How-
ever, as the noise level increases further, the model’s
performance declines significantly. Additionally, under
various modal combinations and noise levels, the MCIF
model significantly outperforms both the DMF and
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SAF models. Models based on simple concatenation
fusion strategies, such as NID-CC, NI-CC, and ND-
CC, show clear downward trends with large fluctua-
tions across repeated experiments, indicating poor ro-
bustness. The ID-CC model exhibits relatively better
robustness due to the stability of image features
across noise levels and the lack of interaction with
DC features. These results indicate that the proposed
model, through the MCIF network, effectively extracts
multilevel cross-modal fusion features, demonstrating
strong robustness at low to medium relative noise
levels and achieving superior detection performance
compared to other models. MCIF-based dual-modality
models also show good robustness at low to medium
relative noise levels and perform significantly better
overall than their counterparts based on simple concat-
enation fusion. The ID-CC model benefits from the
relatively stable detection accuracy of image features
across noise levels and its lack of interaction with DC
features, leading to relatively robust detection results.
However, this also limits its ability to improve detec-
tion accuracy at low to medium noise levels. In practi-
cal engineering applications, multimodal data sampling
is typically conducted in indoor environments where
environmental factors remain relatively stable. Conse-
quently, the NID-MCIF model, which demonstrates
high accuracy and strong robustness under low to
moderate noise conditions, is well suited to meet the
practical requirements of engineering fields.

7 Conclusions

This study proposes a novel and robust cross-
modal integration fusion model that considers multi-
level features for the rapid detection of MC in con-
crete sand materials, utilizing multimodal measure-
ment data such as images, NIR, and DC. The detec-
tion accuracy and robustness of the proposed model
were validated based on two types of sand materials
from engineering sites. The conclusions are as follows:

(1) The proposed NID-MCIF model (machine-
made sand: R’=0.983, E,,=0.458, and D,,=7.900;
natural sand: R’=0.984, E,,=0.705, and D,,=7.931)
achieves the highest detection accuracy and signifi-
cantly outperforms other comparative models. Further-
more, the proposed MCIF fusion strategy also demon-
strates competitive detection accuracy when applied

to bimodal data. Models based on the MCIF fusion
strategy significantly outperform models employing
simple concatenation fusion strategies under corre-
sponding modalities, as well as unimodal models. In
addition, ablation experiments confirm that the pro-
posed MCIF fusion strategy effectively extracts key
features and enhances model performance by consid-
ering interactions between multilevel features.

(2) By introducing Gaussian noise at different
levels into the test datasets of the two types of sand
materials, the noise resistance of the model under
noisy environments was evaluated. The results indi-
cate that the proposed NID-MCIF exhibits strong over-
all robustness across various noisy scenarios, includ-
ing scenarios with noise added only to image data, only
to spectral data, only to DC data, and simultaneously
to image, NIR, and DC data. This performance is sig-
nificantly better than that of models based on simple
concatenation fusion strategies. Similarly, the bimodal
models NI-MCIF and ND-MCIF, which are based on
the MCIF fusion strategy, also demonstrate competi-
tive performance in terms of detection accuracy and
robustness, significantly outperforming their counter-
parts that use simple concatenation fusion strategies
under corresponding modalities.

Case studies demonstrate that the proposed model
achieves a detection time of less than 71 s, offering a
novel and robust approach for the rapid determination
of MC in concrete sand. Consequently, it possesses the
capability for real-time fine aggregate MC detection
in small- to medium-capacity batching plants. However,
this study still presents certain limitations, such as the
insufficient automation level in the data acquisition
process. Additionally, the current research did not ac-
count for the impact of varying ambient light intensi-
ties, relative humidity, different water sources, and fine
aggregate types with distinct mineral compositions on
the MC detection results. For instance, fine aggregates
with varying mineral compositions exhibit distinct ab-
sorption characteristics across different wavelengths
of the NIR spectrum; variations in particle morphology
lead to differences in the diffuse reflectance and scat-
tering of NIR light; differing salinity levels signifi-
cantly impact DC measurements. Furthermore, to meet
the requirements of higher-intensity concrete produc-
tion, the detection efficiency of the proposed theory
needs to be further enhanced. In future studies, the di-
versity and volume of the dataset will be expanded.



We also intend to enhance the data collection of po-
tential influencing factors—such as ambient light, en-
vironmental humidity, mineral composition, and parti-
cle morphology—and deeply analyze their underlying
mechanisms affecting MC. Furthermore, the proposed
method will be integrated with intelligent concrete
mixing systems to construct a more universal and com-
petitive framework for fine aggregate MC detection.
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