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Accurate prediction of granular flow in funnels remains a central challenge in granular mechanics and materials
engineering. Conventional methods depend heavily on high-dimensional particle coordinate–velocity fields, which are
costly to acquire, making it difficult to balance predictive accuracy and timeliness. This study constructs GDAnet, a deep
learning framework that uses images as its input to extract key features of granular distributions from static snapshots
and predict flow patterns across temporal intervals. Experimental results demonstrate that GDAnet achieves a coefficient
of determination (R2) of 0.992 in single-frame prediction tasks, substantially outperforming existing baseline models. In
modeling temporal evolution, the framework achieves more than 90% precision in classifying various flow stages (e.g.
falling, flowing, and blocking) and accurately predicts flow rate variations across different friction coefficients, both with
and without clogging conditions. GDAnet overcomes the limitations of traditional numerical methods in computational
efficiency and scalability through its image-to-motion learning paradigm, offering a novel technical pathway for granular
flow research.

Keywords: funnel granular flow, molecular dynamics simulation, deep learning, image prediction
PACS: 45.70.–n, 45.70.Vn, 47.57.Gc, 47.80.Jk
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1. Introduction
In the realm of contemporary industrial production, the

study of granular flow dynamics has ascended to the fore-
front as an interdisciplinary focal point with the continuous
improvement of technological innovation and production effi-
ciency. This field has shown its far-reaching application po-
tential and scientific value in many key industries, such as
chemical engineering, pharmaceutical industry, food process-
ing, etc.[1,2] The precise control and optimization of granular
flow are essential for enhancing product quality, reducing pro-
duction expenses, and ensuring the safety and sustainability of
manufacturing processes. Among various devices for granu-
lar flow control, the conical funnel is an essential component
due to its distinctive geometry and operational simplicity. The
characteristics of granular flow within the conical funnel, en-
compassing flow patterns, velocity profiles, and granular inter-
actions, critically influence the production process’s efficiency
and effectiveness.[3] A comprehensive investigation into the
dynamics of granular flow within the conical funnel not only
elucidates the foundational principles governing granular flow
but also offers significant theoretical insights and practical im-
plications, guiding engineering design and enhancing produc-
tion methodologies. The conventional research approach pre-
dominantly employs the development of physical models and
experimental methodologies.[4,5] Since 1957, Adler and his

colleagues have been pioneering the construction of molec-
ular dynamics models, enabling precise tracking of granule
trajectories.[6] The advent of the large-scale atomic/molecular
massively parallel simulator (LAMMPS), developed by San-
dia National Laboratories in the USA, has emerged as a pre-
eminent and efficient tool for large-scale molecular dynamics
(MD) simulations, offering unparalleled comprehensiveness
and efficacy.[7]

With the development of MD simulations, we have access
to a vast array of experimental data concerning funnel granu-
lar flow. This wealth of information offers fresh perspectives
and insights. However, the efficient processing and analysis
of this data pose a formidable challenge, as the precision and
reliability of MD simulations are inevitably circumscribed by
the intricacies of the model and the experimental conditions.
The extensive computational volume results in sluggish sim-
ulation speeds and limits the scope of simulations.[8] Conse-
quently, the pursuit of more efficient and precise methods for
studying conical funnel granular flow has emerged as a promi-
nent research focus.[9] Real-time, non-intrusive observations
(high-speed videography) are the primary means of obtaining
granular flow states in industrial sites, but they provide im-
age sequences rather than direct particle coordinate/velocity
data. Therefore, the development of methods that can learn
and predict the dynamic behavior of granular flow directly
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from visual image features not only circumvents the compu-
tational bottleneck of MD simulation, but also directly inter-
faces with the observation method of actual industrial scenes,
which has significant advantages for practical applications. In
recent years, the incorporation of machine learning techniques
has been aimed at enhancing the computational efficiency of
MD simulations.[10] Initially, Mujumdar et al. forecasted the
mixing and separation dynamics of granular flow within a sys-
tem equipped with an oscillating fan vessel, employing an
artificial neural network (ANN) in conjunction with numeri-
cal data from the discrete element method (DEM).[11] Cui et
al. introduced a novel framework that integrates DEM data
with a deep neural network (DNN), facilitating the design of
a double-barrier system.[12] Deep learning, an influential data
analytics tool, is capable of discerning valuable feature repre-
sentations and patterns from extensive datasets, offering inno-
vative approaches and methodologies for the study of funnel
granular flow.[13–15] Furthermore, it serves as a bridge between
disparate simulation scales, significantly alleviating the com-
putational load while preserving predictive accuracy.[16,17]

Despite extensive research integrating MD simulations
with deep learning methods, the majority of granular behav-
ior predictions continue to depend predominantly on simu-
lated data over actual images.[18] Nonetheless, in contrast to
processed data, continuous real-time imagery offers a more
direct and immediate representation of outcomes, eliminat-
ing the need for additional data extraction procedures.[19–21]

Concurrently, deep learning algorithms have shown remark-
able proficiency in the domain of image recognition. Conse-
quently, it is a plausible hypothesis that convolutional neural
networks (CNNs) could serve as a viable alternative for pre-
cisely modeling and forecasting the dynamics of particulate
motion, potentially replacing certain facets of existing physi-
cal simulation techniques.[22,23]

The aim of this paper is to develop a deep learning-
based image-driven method, capable of extracting key spatio-
temporal information directly from static snapshots of gran-
ular flow, to enable cross-scale prediction of funnel granular
flow from transient states (outflow time points) to fully dy-
namic evolutionary processes (flow phases, clogging states).
In this process, we rely on LAMMPS, a powerful simulation
tool, to simulate images of transient granular flows.[7] With the
image data generated from these simulations, we were able to
gain insight into the dynamics of the granular flow, providing
a solid foundation for subsequent analysis and prediction. In
order to achieve accurate prediction of particle flow behaviour,
we construct an improved model based on the AlexNet model
in CNN, in which a depth expectation (DEX) module is added.
The improvement fully considers the importance of the time
factor in granular flow analysis. We consider time points as
key variables in segmented regression, which enables us to

capture time-dependent features. In this way, the model can
make accurate point-to-point predictions of the outflow time of
granular flows using only image data. In addition to point-in-
time prediction, we also utilise the model to further extend the
scope of prediction. The model is known for its excellent fea-
ture extraction and classification capabilities, which we have
optimised and adapted to make it better suited to the task of
predicting the extent of granular flow. With this model, we
can make predictions about the overall flow extent of the gran-
ular flow, providing a more comprehensive view to understand
the dynamic behaviour of the particulate flow. In this study,
we have successfully achieved accurate prediction of granular
flow behaviour by combining a new approach of deep learning
with classical physical simulation tools. This not only expands
the application scope of deep learning in physics, but also pro-
vides new ideas and methods for solving other similar complex
physics problems.

2. Method
2.1. GDAnet model construction
2.1.1. AlexNet

AlexNet, a pioneering deep convolutional neural network,
is extensively utilized for image classification within the realm
of computer vision, and it secured its place as the inaugural
deep learning model to attain significant acclaim in the Ima-
geNet Large Scale Visual Recognition Challenge.[24,25]

The network architecture presented in this paper adopts
the AlexNet framework, employing a nonlinear and unsatu-
rated rectified linear unit (ReLU) as the activation function,
which exhibits a significantly reduced rate of gradient decay
compared to the saturated nonlinear functions, such as the
sigmoid and hyperbolic tangent (tanh) functions, prevalent in
conventional neural networks.[26] AlexNet operates across two
graphics processing units (GPUs), with each GPU handling
half of the network’s computational tasks, while employing
local response normalization (LRN), a technique that obvi-
ates the need for input normalization. Each GPU is tasked
with processing half of the network’s operations, utilizing
LRN, which facilitates the ReLU function without necessitat-
ing prior input normalization. However, Krizhevskii et al. dis-
covered that integrating LRN with the ReLU layer introduces
a form of lateral inhibition, thus enhancing the network’s gen-
eralization capabilities.[27] The pooling strategy employs an
overlapping pooling technique, where the pooling window ex-
ceeds the stride size, resulting in overlapping pooling regions.
This method of overlapping pooling yields superior outcomes
compared to traditional nonoverlapping pooling and mitigates
the overfitting phenomenon. A dropout technique, which ran-
domly deactivates neurons, is implemented in the fully con-
nected initial layers to reduce overfitting.[28]
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2.1.2. DEX

Predicting the exact time point of a granular flow is a
continuous regression problem. Direct regression may have
difficulty in capturing complex temporal dependencies. The
DEX module transforms continuous time prediction into a
multi-classification problem with ordered attributes. This uti-
lizes the powerful feature extraction capabilities of classifica-
tion networks, while effectively reducing regression errors by
calculating the expected value of the probability of each time
point and fusing the discrete classification results into contin-

uous, physically interpretable point-in-time predictions. The
approach introduced in this paper adheres to the schematic
flow depicted in Fig. 1. During regression training, the out-
put layer is configured to consist of distinct neurons, each as-
sociated with specific regression time points. For classifica-
tion training, the output layer comprises 160 neurons, mapped
to natural numbers ranging from 0 to 159, facilitating the dis-
cretization of temporal category labels.[29] The quantity strikes
a good balance between computational efficiency and predic-
tion accuracy.
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Fig. 1. Diagram of the structure of the GDAnet model.

Temporal estimation is conceptualized as a form of seg-
mented regression, characterized by discrete categorization
with multiple distinct value labels. An increased number of
classes results in a reduced discretization error for the regres-
sion signal. In this study’s example, a one-dimensional regres-
sion problem, time is sampled from a continuous signal rang-
ing from 0 to 159. Enhancement of the regression time clas-
sification formula can be achieved by substantially increas-
ing the class count, thereby improving signal approximation
and facilitating recovery through the aggregation of neuron
outputs. Expanding the class count necessitates an adequate
number of training samples per class and elevates the risk of
overfitting to the training time distribution, as well as the po-
tential for improper training of samples attributable to sample
scarcity or imbalance. Following several preliminary experi-
ments, the decision was made to utilize 160 time periods. To
enhance the precision of predictions, the Softmax expectation
was ultimately computed.[30] Specifically, once a prediction
is obtained using the AlexNet network and the probabilities
for each category are determined via Softmax computation,
each category’s probability is multiplied by its corresponding
value. This process yields the final time-accurate outcome,
transcending a mere probability-maximum result.

2.1.3. GDAnet

The aforementioned AlexNet model is integrated with a
fully connected network to construct the foundational AlexNet

architecture, the architecture of which is illustrated in Fig. 1.
In summary, the left component employs the AlexNet model to
extract features from the input image; concurrently, the lower
segment of the right component leverages the fully connected
layer to analyze these extracted features.

The GDAnet model is an extension of the AlexNet model
and retains its classification architecture with the incorporation
of the calculation of the maximum expected value (E) of Soft-
max at its culmination, as shown in Eq. (1). Utilizing 160 time
points in this research, the output layer in Eq. (1), denoted as
p = 0,1,2, . . . ,159, constitutes a 160-dimensional array rep-
resenting the Softmax output probabilities pi ∈ P, where yi

corresponds to the probability associated with each time point
for category i.

E(P) =
159

∑
i=0

yi pi. (1)

Subsequently, by employing backpropagation of the discrep-
ancy between the expected values and the actual labels, the
estimates of maximum expected values can be optimized,
thereby enhancing network performance. The estimation of
temporal points is treated as a form of discrete classification,
characterized by a multitude of discrete value labels, and an
increased number of classes leads to a reduction in the dis-
cretization error of the regression signal. Consequently, this
refined model is suitable for predicting time points by process-
ing arbitrary granular flow images through the model.
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The core innovation of GDAnet lies in its spatio-temporal
feature decoupling architecture, where the AlexNet backbone
network focuses on extracting key spatial structural features
(particle distribution density, stacking morphology near the
funnel opening) from a single-frame image, while the DEX
module is responsible for learning the complex mapping re-
lationship between these spatial features and dynamic evolu-
tionary time. This decoupled design enables it to perform both
static time-point prediction (outputting a time value) and dy-
namic stage classification (outputting a stage label) tasks based
on single-frame images, realizing cross-scale prediction from
static snapshots to dynamic spatio-temporal. Consequently,
the granular outflow time within the conical funnel can be
prognosticated by submitting any arbitrary granular flow im-
age to the proposed model. In addition, the temporal stage
range of the depicted flow can be predicted.

2.2. Granular flow image construction

The LAMMPS simulation operates on the principle of
molecular dynamics, wherein the trajectory of each particle is
determined by integrating Newton’s equations of motion, and
the forces exerted on each atom are computed based on their
instantaneous positions and velocities, thereby yielding the
subsequent acceleration and updated positions of each atom.
This iterative process generates a time-evolving sequence, en-
capsulating the dynamic behavior of the system as a whole.
The specific formulas are

mi
dVi

dt
=

n

∑
j=1

𝐹C
ji +mig, (2)

Ii
dωi

dt
=

n

∑
j=1

𝑟i j×𝐹C
ji , (3)

where mi, Ii, Vi, ωi are the mass, inertial distance, translational
velocity, and rotational velocity of the granular, respectively.
𝑟i j is the vector of particle ‘i’ pointing towards ‘ j’. The forces
involved include the gravitational force mi,g, and the contact
force between the particle and or between the particle and the
container wall. By solving Eqs. (2) and (3), the trajectory, ve-
locity, and force of each particle in the system can be tracked
with certainty.

For the modelling of contact friction we used the Hertzian
style (4)

Fhz =
√

δ

√
RiR j

Ri +R j
Fhk

=
√

δ

√
RiR j

Ri +R j
[(knδ𝑛i j−meffγn𝑣n)

−(kt∆𝑠t +meffγt𝑣t)], (4)

δ = d−r, meaning the overlap distance of the 2 particles. kn is
the elastic constant for normal contact, kt is the elastic constant

for tangential contact, γn is the viscoelastic damping constant
for normal contact, γt is the viscoelastic damping constant for
tangential contact, meff is the effective mass of the 2 particles
of mass mi and m j, ∆𝑠t is the vector of tangential displace-
ments between the 2 particles, which is truncated to satisfy the
frictional yield criterion, 𝑛i j is the unit vector along the line
joining the centres of the 2 particles, 𝑣n is the normal com-
ponent of the relative velocity of the 2 particles, and 𝑣t is the
tangential component of the relative velocity of the 2 particles.

This process is repeated to form a sequence that evolves
over time, thus simulating the dynamic behavior of the whole
system. Because there are many factors affecting the granular
flow in the funnel, the physical properties of the particles, the
geometry and size of the funnel, and the external addition con-
ditions will have a critical impact on the velocity, distribution,
and flow mode of the granular flow. In order to verify the gen-
eralization ability of the model, we debugged the inter-particle
friction coefficients (µ) during the granular flow, and took the
µ of 0.0001, 0.1, 0.2, 0.3, 0.4 for the simulation, respectively.
The simulation parameters in this paper are shown in Table 1.

The simulation process is structured into four distinct
phases: initial filling, stable relaxation, fast flow, and end-of-
flow. In the initial filling phase, 1000 particles are introduced
into the funnel from the top in a random manner under the
influence of gravity. During the stable relaxation phase, the
discharge orifices at the funnel’s base are sealed, allowing the
particles to accumulate and reach a static state over an ade-
quate duration. In the flow phase, the orifices are opened, en-
abling the particles to exit freely under gravitational influence;
however, there exists the potential for blockages during this
phase, hindering continuous flow under specific conditions.
Consequently, LAMMPS simulations are capable of produc-
ing not only instantaneous granular flow images for predictive
analysis, but also images that capture granular flow throughout
various stages of the process.

Table 1. Table of data set parameters.

Parameter Value
Particle diameter d 0.5
Number of particles 1000
Young’s modulus E 105

Friction coefficient µ 0.001, 0.1, 0.2, 0.3, 0.4
Coefficient of recovery 0.2

Funnel diameter D 20d
Funnel opening diameter 2,0.8

Angle of funnel 45
Timestep (s) 10−4

2.3. Experimental environment

The model training and testing for this study are con-
ducted on a server-based platform. The server operates on
the CentOS 7.9 operating system, equipped with 8 NVIDIA
V100 GPUs, each possessing 16160 MiB of video memory,
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CUDA version 10.2, and cuDNN version 8.4.0. Throughout
the training process, the input images are uniformly resized to
a dimension of 224×224×3 pixels, utilizing 2 GPUs, with a
batch size of 32 and a total of 100 epochs, and an initial learn-
ing rate of 0.01 is specified. The learning rate is subject to
dynamic adjustment throughout the training process.

3. Experiments and results
3.1. Image data acquisition and pre-processing

Initially, 16200 frontal-view snapshots of granular flow
were randomly sampled at varying instantaneous time steps
across 100 distinct LAMMPS simulation instances, each ini-
tialized with unique random seed numbers. Subsequently,
a timestamp was assigned to each snapshot based on the
simulation-determined time step required for the complete ef-
flux of granules from the funnel. The timestamp of each snap-
shot labels the simulation time from that moment until the par-
ticles completely flow out of the funnel, a key dynamic process
physical quantity. Stage labels are then manually categorized
based on the macroscopic physical state of the granular flow
(initial filling, stable relaxation, rapid flow, terminal flow, and
blockage state).

Image of the original 
Instantaneous 

frontal view 

snapshot

Cropped 

images

Grey scale 

image

(224,224,1)(224,224,3)
(512,512,3)

(b)
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Fig. 2. Panel (a) shows two separate labels given to the dataset. Lable 1 is
the first label that represents the timestamps given to the granular flow time
pictures for each time step of the flow process with different friction sim-
ulation effects. Lable 2 is the second label that categorizes all the pictures
appearing throughout the flow process into five different categories of states
(initial state, stable state, flow dynamic state, ending state, blocked state).
(b) Dataset preprocessing process. Conversion from 3d image to 2d then
cropping image and grayscaling.

Subsequently, each snapshot is converted into a three-
dimensional (3D) data matrix. Given that the original im-
age dimensions are 512× 512× 3, to mitigate overfitting, a
data augmentation technique is employed, thereby enhancing
the diversity of the training dataset and bolstering the model’s
generalization capabilities through various image transforma-
tions, including rotation, flipping, and cropping. For this re-
search, the peripheral regions of the images are cropped to a

size of 224× 224× 3, which are subsequently desaturated to
grayscale using deep learning algorithms and reshaped into a
one-dimensional (1D) matrix for immediate use in the subse-
quent computational processes. As depicted in Fig. 2.

3.2. Training model selection and evaluation metrics

The preprocessed images are randomly allocated into
three distinct groups: a training set (60%), a testing set (20%),
and a cross-validation set (20%). Subsequently, four CNN
models, AlexNet, VGGNet, ResNet, and GDAnet, are trained
on the initial dataset comprising instantaneous granular flow
snapshots. These models are then tested and validated, with
their predictions quantitatively compared against the cross-
validation dataset using metrics such as accuracy (ACC), mean
absolute error (MAE), root-mean-square error (RMSE), and
coefficient of determination (R2), as defined by Eqs. (5)–(7).
The MAE is calculated as the average of the absolute differ-
ences between the estimated and actual times, preventing off-
setting errors. The RMSE, normalized by the square root of
the sample size, accounts for the magnitude of errors without
bias from sample count. For the R2, when comparing models
on datasets of varying scales, a reference model is utilized to
facilitate a more accurate comparison; typically, a higher R2

value suggests a better fit.

MAE =
1
m

m

∑
i=1
|yi− ŷi|, (5)

RMSE =

√
1
m

m

∑
i=1

(yi− ŷi)
2, (6)

R2 = 1− ∑
m
i=1 (yi− ŷi)

2

∑
m
i=1 (yi− ȳi)

2 , (7)

In the given context, m represents the number of predic-
tions, which corresponds to the prediction length or the total
number of time steps or samples being predicted. Addition-
ally, yi denotes the observed value for a given time step or
sample i, ŷi is the predicted value for the same instance, and
ȳ signifies the average value of the observed values across all
predictions.

In the domain of physical image classification, this
study employs a multifaceted evaluation approach to ascertain
model performance. The primary metric is the probability of
accurate classification per image category. Additionally, the
receiver operating characteristic (ROC) curve and the area un-
der the ROC curve (AUC) are utilized to gauge classification
accuracy across different models. The ROC curve is gener-
ated by ranking samples according to prediction scores, se-
quentially considering them as positive cases, and plotting the
true positive rate (TPR) against the false positive rate (FPR).
The AUC, scaled from 0 to 1, offers a direct measure of clas-
sification quality, with higher values indicating enhanced per-
formance.
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In this context, true positives (TP) are correctly identified
positive instances, false positives (FP) are incorrectly identi-
fied positive instances, true negatives (TN) are correctly iden-
tified negative instances, and false negatives (FN) are incor-
rectly identified negative instances. Consequently, the AUC is
derived from these values as follows:

AUC =
∑i∈ positiveClass ranki−M(1+M)/2

M×N
. (8)

In the calculation of AUC, M denotes the count of positive
samples, N signifies the count of negative samples, and ranki is
the ordinal position assigned to sample i based on the model’s
predicted probabilities.

3.3. Predicted results
3.3.1. Granular outflow time point prediction effects

As depicted in Fig. 3, we compare the predicted granu-
lar outflow time within the funnel to the actual and observed
values, and the corresponding decision coefficients are com-
puted and displayed in the inset. These results conclusively
show that the proposed GDAnet model typically exhibits supe-
rior predictive capability for the outflow time point associated
with any instantaneous image of the granular flow in the con-
ical funnel, outperforming other models, and indicate a strong
correlation between the predicted and actual values. The pri-
mary deviation is observed near the origin, attributed to the
limited data available at this stage when the granular material
is not fully filled.

R2: 0.992

R2: 0.929

R2: 0.948

R2: 0.875

(a)

(c)

(b)

(d)

Predicted values

Vctual values

Predicted values

Vctual values

Predicted values

Vctual values

Predicted values

Vctual values

Fig. 3. Results of the comparison between the actual time point of funnel particle outflow and the predicted time point on the test set. Panel (a) shows the
GDAnet model results. Panel (b) shows the AlexNet model results. Panel (c) shows the VggNet model results, and panel (d) shows the ResNet results.

Although the scatter plots in Fig. 3 appear visually sim-
ilar across models, the quantitative metrics in Table 2 re-
veal that ResNet exhibits significantly larger prediction er-
rors (MAE = 2.790, RMSE = 3.824) compared to GDAnet,
AlexNet, and VGGNet. This is attributed to ResNet’s deeper
architecture, which may overfit on limited training data or fail
to capture granular flow features effectively without sufficient
regularization or tuning. The similar visual trends in Fig. 3(d)
are misleading due to the scale of the y-axis, which compresses
the error distribution. Thus, quantitative evaluation is essential
for accurate model comparison.

We then test and validate the four rigorously trained mod-
els on this dataset, comparing their predictions to the actual
values, with further quantitative comparisons detailed in Ta-
ble 2. The GDAnet hybrid model, in contrast, excels in this
dataset’s task by amalgamating the strengths of both models,
exhibiting the smallest mean absolute error (MAE), root mean
square error (RMSE), and the highest coefficient of determina-
tion (R2), and is deemed optimal for predicting granular flow

within conical funnels. The very high coefficient of determi-
nation achieved by GDAnet (R2 = 0.992) shows that the model
can predict the subsequent granular flow time extremely accu-
rately from a single still image. This means that in industrial
processes, a simple snapshot can be used to assess in real time
the expected discharge efficiency in the current material state,
providing critical information for process control.

Table 2. Quantitative comparison of predictive performance of four
CNN models.

MAE MSE RMSE R2

GDAnet 0.311 0.146 0.382 0.992
AlexNet 0.643 0.480 0.693 0.929
ResNet 2.790 14.622 3.824 0.875
VggNet 0.358 0.247 0.497 0.948

3.3.2. Effectiveness of granular flow stage prediction

The granular flow within a conical funnel is categorized
into five predictive stages: initial influx stage, steady relax-
ation stage, continuous flow stage, end-of-flow stage, and
clogged state.
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In the initial influx stage, grains start to cascade into the
funnel, maintaining a relatively smooth flow due to the slow
flow rate and minor interactions among grains. As the quan-
tity of granules increases, the flow rate gradually accelerates,
yet it settles into a stable phase as the granular material accu-
mulates. In the stable relaxation stage, the particle count con-
tinues to escalate, and the flow rate sustains its stability; dur-
ing which the interaction among the granules starts to display a
discernible pattern, enhancing the flow’s regularity. This phase
is typically enduring. The concentration of granules and the
flow velocity peak in the sustained flow stage, with the flow
dynamics becoming increasingly intricate due to intense inter-
actions among granular constituents. The internal pressure and
friction within the funnel are elevated, potentially resulting in
funnel wear and blockage. Commencing at the end of the flow
phase, the granular flow begins to decelerate and ultimately
ceases, with the residual granular matter commencing gradual
deposition, forming a relatively stable sedimentation layer. In

the granular blockage state, once the granular flow within the
funnel ceases completely, the funnel becomes obstructed. The
funnel, under this condition, is incapable of accepting further
granular inflow.

Table 3 presents the confusion matrix of the GDAnet
model for the five-stage classification task. Each row repre-
sents the true class, and each column represents the predicted
class. The diagonal elements indicate the classification accu-
racy for each stage, while off-diagonal elements represent mis-
classification rates. It is observed that the likelihood of precise
categorization exceeds 0.75. This shows superior capability in
forecasting the range of granular flow within the funnel. There
is a small amount of confusion in the model in distinguish-
ing between approaching phases (0.97% misclassification of
the ‘stabilization’ phase as ‘blockage’), reflecting the possible
physical ambiguity or transitory nature of these phase transi-
tion boundaries.

Table 3. Prediction probability of GDAnet five-stage classification.

True-initial True-stability True-flow True-ending True-clogging

Pred-initial 0.997 0.00157 0.00148 0.000122 1.17×10−7

Pred-stability 0.00434 0.981 0.0097 3.27×10−5 0.00541
Pred-flow 5.59×10−8 9.77×10−6 0.998 0.00205 5.14×10−8

Pred-ending 0.0024 0.00092 0.226 0.771 2.72×10−5

Pred-clogging 1.18×10−5 0.00137 0.000284 2.07×10−6 0.998

As shown in Fig. 4, the ROC curve is primarily utilized
to assess the classification model’s performance. The horizon-
tal axis represents the FPR, and the vertical axis denotes the
TPR. Distinct colors differentiate the data points for each cat-
egory, facilitating the observation of individual category per-
formance. According to the visual data, it is evident that each
class is associated with its distinct ROC curve, with the re-
spective area under the curve (AUC value) indicated. Notably,
for class 0, the AUC value is 0.99, while classes 1 and 2 each
exhibit an AUC value of 0.97, and class 3 possesses an AUC
value of 0.96. Class 4, conversely, presents an AUC value of
0.95. An AUC value closer to 1 indicates superior classifica-
tion performance by the model.

Synthesizing this data, it can be concluded that across
all classes, the classification model exhibits exemplary perfor-
mance, particularly for class 0 with an AUC value of 0.99,
demonstrating exceptionally high classification precision. Ad-
ditionally, the AUC values for all remaining classes surpass
0.95, suggesting robust generalization capabilities and adept-
ness in managing diverse data categories. Collectively, these
findings underscore the GDAnet model’s enhanced predictive
capacity for granular flow within funnels, signifying its capa-
bility to forecast the entire granular flow trajectory rather than
being confined to discrete temporal junctures. The model’s
ability to identify with high accuracy the macroscopic stage in

which the granular flow is located provides a direct basis for
real-time monitoring of the system’s state (whether it is func-
tioning properly or not and whether there is a risk of clogging).

Class 0 (area=0.99)

Class 1 (area=0.97)

Class 2 (area=0.97)

Class 3 (area=0.96)

Class 4 (area=0.95)

0

0
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0.2

0.4

0.4

0.6

0.6

0.8

0.8

1.0

1.0

Roc curve
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T
P
R

Fig. 4. Comparison of predicted results of ROC curves for five stages
of granular flow, where class 0 is the initial filling stage, class 1 is the
stabilization stage, class 2 is the flow stage, class 3 is the end of flow
stage, and class 4 is the clogging state.

The success of stage prediction, combined with point-
in-time prediction, fully validates the ability of the GDAnet
model to achieve cross-scale prediction from a single frame of
the image: not only can a specific physical quantity (time) be
predicted, but also the macroscopic state of the entire dynamic
evolution process can be identified and predicted.

094501-7



Chin. Phys. B 35, 094501 (2026)

3.3.3. Prediction of granular flow with or without clog-
ging effects

Through the prediction analysis of the dynamic process in
the previous step, we found that the funnel aperture size of the
research setup in the presence of friction occasionally resulted
in a situation where particles clogged in the funnel mouth and
could not flow out. In order to verify whether the clogging
state would have an effect on the prediction effect, we adjusted
the funnel aperture size and trained the prediction for the non-
clogged system with a radius of 2.0 at the funnel mouth and
the system in the presence of clogging with a reduced radius
of 0.8, respectively. The left panel of Fig. 5 (without clogging,
large aperture) demonstrates the fitted curves where the pre-
dicted time points highly coincide with the actual time points.
The right figure (with clogging, small aperture), on the other
hand, shows that although there is a prediction bias caused
by clogging (the actual outflow time is infinitely prolonged,
and the prediction value will be saturated or the error will be
increased), the overall distribution trend of the model’s pre-
diction value (a large number of prediction points are concen-
trated in the region of high time values) or an abnormal in-
crease in the prediction time point can clearly indicate that the
system is in or is about to enter the clogging state.
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Fig. 5. Predicted results of the GDAnet model for granular flow sim-
ulation data for different friction scenarios. Panel (a) shows the case
without clogging for a funnel caliber of 2.0 and panel (b) shows the
case with clogging present for a funnel caliber of 0.8.

This ability to detect the abnormal state (blockage) is dif-
ficult to realize with traditional single-point prediction and has
an important early warning value. In the case of blockage, the

prediction error stems primarily from the model’s attempt to
assign a finite time value to a process that is essentially stag-
nant (of infinite duration). The fact that the model predictions
are significantly higher than the normal range in the absence of
blockage is in itself a strong indication that blockage is occur-
ring. Its ‘reasonable margin of error’ is reflected in the model’s
ability to reliably distinguish between the distribution of pre-
dicted values in the blocked and non-blocked states. Accord-
ing to the comparison of the fitted curves of the prediction
results under different friction conditions as shown in Fig. 5,
although the clogging problem leads to the error between the
prediction results and the real value, on the whole, the fitted
curves of the prediction effect of the GDAnet model can still
clearly reflect the clogging tendency of the system under the
corresponding conditions and have a reasonable range of error
interpretability.

4. Conclusion
This paper develops a GDAnet deep learning model

trained on LAMMPS simulation data to enable cross-scale
prediction of granular flow, encompassing both static snap-
shots and dynamic processes. The model predicts instanta-
neous outflow times with a high coefficient of determination
(R2 = 0.992) and accurately identifies dynamic flow patterns,
achieving overall prediction accuracies exceeding 90%. Fur-
thermore, a distinct clogging state was identified during the
dynamic recognition process. The model effectively predicts
both clogging and circulation states under varying friction
conditions, thereby accurately reflecting clogging tendencies
with a justifiable margin of error. Prediction errors partly arise
from the inherent complexity of the physical processes, in-
cluding phase transition ambiguities and the stochastic nature
of blockages, as well as data limitations. These challenges
highlight the need for integrating more refined physical mod-
els or uncertainty quantification methods in future work.

Methodologically, GDAnet independently extracts and
refines spatial and temporal features through a spatiotempo-
ral feature decoupling architecture, effectively addressing the
challenges of cross-scale modeling and improving the ability
to capture key physical characteristics. The model integrates
data-driven learning with prior physical knowledge, enabling
application to domain-specific scenarios such as funnel flow
while maintaining strong generalization performance. This re-
search establishes a novel computational paradigm for analyz-
ing granular matter dynamics and advances the application of
deep learning in modeling complex physical systems.

Despite the promising performance of GDAnet, the cur-
rent study is limited to 2D images and spherical particles,
which may not fully capture the complexities of real-world
granular flows involving non-spherical particles and three-
dimensional dynamics. To extend the method to more realis-
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tic scenarios, future work could incorporate 3D imaging tech-
niques and employ 3D convolutional neural networks (3D-
CNNs) or voxel-based representations to capture spatial fea-
tures in three dimensions. Additionally, particle shape descrip-
tors or graph neural networks could be integrated to model
non-spherical granular interactions. Such extensions would
enhance the model’s applicability in industrial settings where
particle morphology and 3D flow behavior are critical.
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Powder Technology 459 121040
[2] Adamczyk W, Widuch A, Morkisz P, Zhou M, Myöhänen K, Klimanek
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