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Abstract: Granular materials are widespread in nature and human production, and their macro-
mechanical behavior is significantly affected by granule movement. The development of computer
vision has brought some new ideas for measuring the numerical information (including the amount of
translation, the rotation angle, velocity, acceleration, etc.) of dynamic granular materials. In this paper,
we propose a numerical measurement method for dynamic granular materials based on computer
vision. Firstly, an improved video instance segmentation (VIS) network is introduced to perform
end-to-end multi-task learning, and its temporal feature fusion module and tracking head with long-
sequence external memory can improve the problems of poor video data quality and high similarity in
appearance of granular materials, respectively. Secondly, the numerical information can be extracted
through a series of post-processing steps. Finally, the effectiveness of the measurement method is
verified by comparing the numerical measurement results with the real values. The experimental
results indicate that our improved VIS obtains an average precision (AP) of 76.6, the relative errors
and standard deviations are maintained at a low level, and this method can effectively be used to
measure the numerical information of dynamic granular materials. This study provides an intelligent
proposal for the task of measuring numerical information of dynamic granular materials, which is of
great significance for studying the spatial distribution, motion mode and macro-mechanical behavior
of granular materials.

Keywords: dynamic granular materials; numerical measurement; computer vision; video instance
segmentation

1. Introduction

Granular materials (such as coarse-grained soil) change from a loose state to a dense
one, which is the result of internal mesoscopic structure changes caused by granule move-
ment [1–3]. Meanwhile, translation and rotation [4], as two main forms of movement, have
a significant impact on the macroscopic mechanical behavior (especially deformation) of
dynamic granular materials [5]. Hence, it is necessary to measure the numerical infor-
mation of dynamic granular materials (including the amount of translation, the rotation
angle, velocity, acceleration, etc.). At present, the main method for obtaining and analyzing
the numerical information of dynamic granular materials is the discrete element method
(DEM), which was first proposed by Cundall and Strack in the 1970s [6], and has been
continuously addressed and developed by many scholars [7]. However, the numerical
model itself and its statistical results lack effective data verification, so it is difficult to be
accepted universally. In general, calibration of numerical simulation parameters through
physical experiments is one of the most effective means to ensure the reliability of models
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and results. However, numerical measurement of granule movement becomes an impor-
tant prerequisite in physical experiments. Earlier methods only measured the movement
of a small number of granules. With the development of technology, particle tracking
velocimetry (PTV), particle imaging velocimetry (PIV), laser speckle velocimetry (LSV) and
other technologies have emerged [8] that are able to track and measure a large number of
granules, among which PTV technology is widely used in granule flow experiments [9].
However, the above methods are prone to aliasing when there are too many granules, which
may result in low accuracy and a portion of the granules not being measured. Therefore, in
order to improve the identification accuracy and measure more granules, so as to carry out
more comprehensive and accurate analysis of granule movement, it is very necessary to
propose a reliable numerical measurement method for granule movement.

In the field of computers, there is the dynamic video instance segmentation (VIS)
task [10], in which the detection, segmentation, and tracking of instances in a video are
performed simultaneously. Most VIS models [10–14] follow a two-stage paradigm. Taking
MaskTrack R-CNN [10] as an example, feature maps are extracted by ResNet [15] and a
feature pyramid network (FPN) [16], and then a series of candidate proposals are produced
through a region proposal network (RPN) [17]. In the second stage, features can be
extracted by region of interest align (RoIAlign) and further fed into each sub-task head,
such as the box head, mask head and tracking head, to predict bounding boxes and instance
masks, and perform object tracking. As one of the most challenging tasks in computer vision
at present, VIS has certain application prospects for tasks that require video-level object
masks, such as video editing, autonomous driving and augmented reality. We introduce
VIS to perform the numerical measurement of dynamic granule materials because it can
the extract mask trajectories of granule materials from videos.

Compared to static images, video frames usually offer poor image quality as a result
of the acquisition equipment. Phenomena such as vibration and uneven light often exist
in the environment, which may also adversely affect visual processing. Therefore, we
add a temporal feature fusion module [18] to the VIS model. This module can combine
the context information to improve the above problems of video frames, making the VIS
model more suitable for video data. In addition, granular materials are usually densely
packed and have a high similarity in appearance, which may cause object tracking errors.
A single instance ID assignment error may invalidate the entire numerical chain and have
a devastating impact on numerical measurement. We introduce a tracking head with
long-sequence external memory to deal with this issue, so it is able to fully consider the
features within multiple sequences to increase the robustness of tracking.

The above improved VIS network can detect, segment, and track granular materials
frame by frame, and we also design a series of post-processing steps to measure the amount
of translation, the rotation angle, velocity and acceleration of dynamic granule materials.
Specifically, our work delivers the following contributions:

1. We combine computer vision and the numerical measurement task to propose a
numerical measurement method for dynamic granular materials. This method is
mainly based on the VIS, which is able to realize end-to-end multi-task learning and
simultaneously detect, segment and track dynamic granular materials;

2. We analyze the properties of video data and granular materials to improve the VIS
network. A temporal feature fusion module and tracking head with long-sequence
external memory are introduced to make the VIS network more suitable for the
numerical measurement of dynamic granular materials;

3. A variety of effective post-processing steps such as the extraction of centroid and
long axis, ellipse fitting, and pixel-actual distance calibration are used to obtain
the amount of translation, the rotation angle, velocity and acceleration of dynamic
granular materials;

4. A set of experimental equipment is designed to collect dynamic granule videos
and then the numerical results of dynamic granular materials are measured by the
proposed method. The amount of translation, the rotation angle, and the velocity
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and acceleration of granular materials are compared with true results to verify the
effectiveness of the proposed method.

2. Method
2.1. Method Framework

The overall method framework is illustrated in Figure 1. Firstly, videos of granular
materials are collected and annotated to create a dataset. Secondly, the improved VIS
network can be trained by end-to-end multi-task learning and dynamic granular materials
can be detected, segmented and tracked simultaneously. Then, the centroids of granules
are extracted, and ellipse fitting is performed on the masks. The amount of translation and
the rotation angle are calculated by the changes of the centroids and fitted ellipse major axis
angles, respectively. Further, the velocity and acceleration of dynamic granular materials
could also be extracted. In addition, it is necessary to calibrate the pixel distance and actual
distance when measuring translation, velocity, and acceleration of granular materials.
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Figure 1. Method framework. The main processes of our proposed method are: Collecting videos,
creating a dataset, end-to-end multi-task learning, VIS and post-processing steps. VIS is the key
process for numerical information measurement of granular materials.

2.2. An Improved Video Instance Segmentation Network
2.2.1. Overall Network Architecture

The overall architecture of our improved VIS, which simultaneously detects, segments
and tracks objects in videos through a two-stage multi-task learning approach, is shown
in Figure 2. In the first stage, feature maps are produced from the input video frames
by ResNet [15] and the temporal fusion module can aggregate the feature information of
support frames to enhance the feature response in current frame. Then, the multi-scale
feature maps are generated through FPN [16] and multiple candidate objects are extracted
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with RPN [17] to generate a series of candidate proposals. In the second stage, the aligned
RoI features are input into the box head, mask head and tracking head. The box head and
mask head are inherited from MaskTrack R-CNN [10], which can achieve bounding box
regression and mask generation, respectively. In Sections 2.2.2 and 2.2.3, we will analyze
the design motivation and detailed structure of the temporal fusion module and tracking
head with long-sequence external memory.
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Figure 2. The overall architecture of our improved VIS. Our improved VIS consists of two stages and
the first stage is composed of ResNet, temporal feature fusion module, FPN and RPN, where the
added temporal feature fusion module can aggregate the feature information of support frames to
enhance the feature response in current frame. The second stage can extract features by RoIAlign,
and then the box head, mask head and tracking head can achieve bounding box regression, mask
generation, and tracking, respectively. RoIAlign is omitted here.

2.2.2. Temporal Feature Fusion Module

The video data are often fuzzy and low in quality because of some equipment factors
such as lens defocus and movement blur, so there is a large quality gap between ordinary
static image data. In addition, unfavorable conditions such as vibration and uneven
lighting in the collection environment for granular materials can also affect the quality of
the data. In response to the above disadvantages, a temporal fusion module is added to our
VIS model.

As shown in Figure 3, this module can enrich the features of current frame by support
frames. Firstly, the feature map A output from ResNet can be converted into a new
feature map q by a 1× 1 convolution and nonlinear activation, and this new feature map
q encodes the key information (object category, object location and mask) in the current
frame. Secondly, the feature map B of the support frames is encoded into k and v by
two parallel 1× 1 convolutions and nonlinear activations. The attention matrix S can be
obtained by computing the inner product of q and k, so S is related to each position in q
and k. Then the attention matrix S can be used to aggregate the feature of v to get a new
feature map, and the new feature map fuses temporal information from the support frames.
Finally, the new feature map can be transformed into feature map W by a 1× 1 convolution
and nonlinear activation, and then W is added to the original feature map A to acquire
the enhanced feature map Z. The overall process can be summarized in the form of the
following equations:

S = k� q (1)

W = F(v� exp(S(:, j))

∑Nall
i=1 exp(S(:, i))

) (2)

Z = W ⊕ A (3)
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where � is the inner product. i and j are the indices of each position in the similarity matrix
and feature map, respectively. Nall is the total number of positions. F is the transformation
function which corresponds to 1× 1 convolution and nonlinear activation.⊕ is summing
up. The enhanced feature map Z not only preserves some informative key visual semantics
of current frame, but also incorporates useful contextual information for support frames in
the same video.
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same video.

2.2.3. Tracking Head with Long-Sequence External Memory

Granular materials are often densely packed and the similarity in appearance be-
tween granular materials is high, which causes difficulties in tracking. Recently, per-clip
models [19–21] were reported to obtain better VIS effects by aggregating multi-frame infor-
mation. Inspired by these models, we design a tracking head that can comprehensively
compare instance similarity across multiple frames to enhance tracking performance. The
structure is shown in Figure 4, and this tracking head mainly includes two fully connected
layers and a long-sequence external memory. Two fully connected layers can map features
for candidate objects. The long-sequence external memory can store the features of previ-
ous instances. We use the inner products to represent the correlation between candidate
object and previous instances, and each previous instance in memory can hold features
of at most L sequences. Specifically, for a candidate object i, its inner product with the
previous instance j already existing in the long-sequence external memory can be expressed
as sequences weighted inner product:

φij =
L

∑
l=1

γlφ
T
i φjl (4)

where l is the sequence index. γl is the sequence discount factor at l. φi is the feature of
candidate object i and φjl is the feature of instance j at l. φT

i φjl is the inner product of φi and
φjl . For those instances that do not have L sequences in memory, we only compute the inner product
of existing instances for fair comparison.
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layers and long-sequence external memory, which can assign instance IDs to candidate objects in the
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In the training phase, we use Ltr reference frames and a query frame to train our
tracking head. For reference frames, we extract features from their ground-truth instance
regions and save them to the long-sequence external memory. Instances between reference
frames are also matched by ground truth regions. The sequence discount factor γl is the
average of number of reference frames because the reference frames are randomly selected from
video frames during training, and γl can be expressed as:

γl =
1

Ltr
(5)

In the inference phase, we sequentially process each frame in an online fashion. Each
current frame has Lin corresponding sequences, and the sequence discount factor γl is
related to the frame sequence number of sequences in video:

γl =
fl

∑Lin
l̃=1

f l̃

(6)

where fl is the frame sequence number of f th
l sequence in video and f l̃ is the frame sequence

number of f th
l̃

sequence.
Finally, the probability of assigning instance ID x to candidate object i is calculated by

Softmax, and can be expressed as:

pi(x) =


eφix

1+∑N
j=1 eφij

, x ∈ [1, N]

1
1+∑N

j=1 eφij
, x = 0

(7)

where N is the number of previous instances. x = 0 means that object i is a new instance
and x ∈ [1, N] means that object i belongs to one of the previous N instances. External
memory is dynamically updated when an instance ID is assigned to a new candidate object
successfully. If the candidate object belongs to an existing instance ID, we replace the
feature of the farthest sequence in memory with feature of new candidate object. If the
candidate object does not have a corresponding instance ID that can be assigned, the feature
of candidate object is inserted into external memory and a new instance ID is created. Our
tracking head can fully consider the features within L sequences in instance ID assignment,
and increase the robustness of tracking for the multi-instance environment and granular
materials with high feature similarity.
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2.2.4. Loss Function

The loss function of the VIS model consists of four sub-task losses: classification, detection
box regression, segmentation and tracking, which can be expressed as:

L = Lcls + Lbox + Lmask + Ltrack (8)

where Lcls, Lbox and Lmask are the same losses as in Mask R-CNN [22]. Ltrack is the cross-
entropy loss similar to MaskTrack R-CNN [10].

2.3. Post-Processing Steps

To measure the amount of translation, velocity and acceleration, the centroids of
granules need to be extracted first. We determine the abscissa and ordinate of the centroid
independently in the x and y directions because the segmented mask is two-dimensional.
Specifically, the coordinates of centroids in the x (y) direction are calculated by bisecting
the number of pixels on the left and right (up and down) sides.

The centroids of granular materials can be extracted by above operation and then
subtracted from the extracted values of the first frame to acquire the amount of translation.
The values of velocity and acceleration in x and y directions can be obtained by taking the
derivative and second derivative. It is necessary to perform pixel-actual distance calibration,
because the unit for the above numerical values is pixels. We complete the calibration in a
simple way, which can be expressed as follows:

k =
Sact

Spix
(9)

where k is defined as the actual distance corresponding to a pixel. Sact is the actual distance
and Spix is the pixel distance.

The measurement of rotation angle is more complicated, so granular materials need
to be fitted. There are many fitting methods, and the ellipse fitting method is the most
suitable one for the task of movement information detection [23]. Figure 5 shows the effect
of ellipse fitting. Then, the rotation angle can be successfully approximated on the basis of
changes in the major axis angles of the fitted ellipses.
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support the subsequent measurement of rotation angles.

3. Experiment and Analysis
3.1. Experimental Equipment and Parameter

As shown in Figure 6, we designed a set of experimental equipment to monitor and
record the videos of granular materials. It includes an experimental table, coarse granular
materials, fine granular materials, a vision sensor and a sensor bracket. The experimental
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table in this study is a circular table with a diameter of 32 cm, which has with two different
modes of vibration and rotation. In rotation mode, the speed can be set to 0–1.71 rad/min.
The vision sensor is located 50 cm above the experimental table and is fixed by the sensor
bracket. Coarse granular material and fine granular materials size range from 20 mm to
30 mm and from 2.5 mm to 7.5 mm, respectively.
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Figure 6. Experimental equipment. Our experimental equipment mainly consists of five components:
A visual sensor for collecting videos, a sensor bracket for fixing the visual sensor, an experimental
table for bearing granular materials, a motor for providing vibration or rotation load and some
granular materials.

The entire VIS network was trained for 12 epochs with an NVIDIA GeForce RTX3070.
The backbone of our VIS network is ResNet 101 [15] with FPN [16], which are pretrained
on MSCOCO dataset [24] to quicken the convergence speed. During the training phase,
the model also needs to sample other frames in video to help the training of temporal
feature fusion module and tracking head. For each input frame, we randomly selected five
frames from the same video, and two of which were chosen as support frames according
to CompFeat [18]. If a video frame belongs to both support frames and reference frames,
the probability of assigning instance IDs will be affected by this frame, so three frames
serve as reference frames for the tracking head and L is set to 3 during the training phase.
The weights of both the pre-trained backbone network and sub-task headers were updated
during training. During the inference phase, four additional frames from the test video
are treated as support frames and the number of sequences is five, because testing with
more information can help improve VIS performance [18]. In addition, the tracking of
the evaluation process also incorporates other cues, such as semantic consistency, spatial
correlation and detection confidence, as powerful post-processing techniques to improve
the robustness of the tracking [10].

3.2. Dataset

We utilized the degree of mixing to express the distribution of coarse granules and
fine granules, and divided the degree of mixing into four levels. Figure 7 presents different
mixing degrees, with Figure 7a representing 100%, which means that the coarse granules
and fine granules are uniformly mixed; meanwhile, Figure 7b presents 0% mixing degree,
Figure 7c represents a degree of mixing that is between 0% and 50%, which means that a
small part of the granules are mixed, and Figure 7d presents a mixing degree of between
50% and 100%, which indicates that most of the granules are mixed.
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As shown in Table 1, we collected videos of dynamic granular materials with a total
duration of 29,092 frames (about 970 s) using the experimental equipment. Considering
that the movement amplitude of vibrating granular material is low, we selected one frame
for labeling from every 60 frames of the vibrating videos. However, videos with rotating
granular materials have a large amount of movement, so we marked one frame from every
30 frames of the rotating videos. The duration of each video varied from 5–45 s and the
label files followed MSCOCO’s style [24]. We only performed VIS on coarse granular
materials in this experiment, because the labeling of fine granular materials is too difficult.
In addition, about one-third of the videos had problems such as lens defocus and uneven
lighting to enhance the robustness of the network and verify the model’s adaptability to
image quality problems. We marked 706 frames and all videos were randomly divided into
training videos and validation videos according to the ratio of about 6:1.

Table 1. Dataset statistics.

Video Type Degree of Mixing 0% 0–50% 50–100% 100% Total

Vibrating
Number of videos 8 9 11 9 37
Number of frames 3072 3755 4733 3987 15,547

Number of marked frames 51 62 78 66 257

Rotating
Number of videos 9 8 9 8 34
Number of frames 2930 3058 3855 3702 13,545

Number of marked frames 97 101 128 123 449

3.3. Evaluation Indicators

We set up the evaluation indicators on the basis of two aspects: visual processing and
numerical measurement. The common average precision (AP) is used to reflect the effect
of visual processing. Our AP can be calculated in the same way as in the image except
for the intersection-over-union (IoU). This IoU is extended from the image to the video
sequence, which can represent the degree of overlap between the predicted mask sequence
and the real mask sequence in the entire video sequence [10]. The numerical measurement
evaluation indicators can be divided into two parts: relative error and standard deviation.
The relative error is the ratio of absolute error caused by the measurement to true value,
and mainly includes two parts: the relative error of translation ET and the relative error
of rotation ER, which reflects the confidence of the measurement results obtained using
our method:

ET =
1

VMN

V

∑
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M

∑
m=1

N

∑
n=1

∣∣∣∣Un
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where V is the number of videos in the validation set. M is the number of frames and N
is the number of granular materials in the frames. Therefore, VMN represents the total
number of measurements performed on the validation set. Un

m,v and Wn
m,v respectively refer

to the amount of translation and rotation angle of the nth granule of mth frame in vth video,
calculated by our method. un

m,v and wn
m,v are the true amount of translation and the true

rotation angle. In addition, we calculate the standard deviation of numerical measurement
absolute error, which reflects the stability of our proposed measurement method. Similarly,
the standard deviation can also be divided into two parts: the standard deviation of
translation σT and the standard deviation of rotation σR, which can be expressed as:

σT =

√√√√ 1
VMN

V

∑
v=1

M

∑
m=1

N

∑
n=1

(∣∣Un
m,v − un

m,v
∣∣− AT

)2 (12)
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m,v
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)2 (13)

where AT and AR represent the average values of absolute errors of VMN measurements
of translation and rotation, respectively, which can be expressed as:
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3.4. Visual Processing Experiment

We designed a series of visual processing experiments to demonstrate the effectiveness
of the improve VIS network. Firstly, the evaluation indexes of visual processing were calcu-
lated to verify effect of granular materials VIS and then compared with some methods on a
self-created dataset, as presented in Table 2. Secondly, we conducted ablation experiments
to investigate the temporal feature fusion module and tracking head with a long-sequence
external memory. Finally, qualitative experimental results on different videos are presented
in Figure 8.

Table 2. Comparison of mask AP of granular materials.

Method AP AP50 AP75

IoUTracker+ [25] 66.4 75.4 67.5
Deep SORT [26] 69.7 78.0 70.6

MaskTrack R-CNN [10] 74.5 85.2 75.8
Ours 76.6 88.3 78.1

As shown in Table 2, our method achieves the best results in visual processing metrics.
All baselines follow the idea of “tracking-by-detection”, but IoUTracker+ and Deep SORT
are not trained end-to-end. These methods use an instance segmentation algorithm to
segment out the mask independently on each frame and then link instances across frames
by means of an object tracking algorithm. To compete fairly with end-to-end methods, the
instance segmentation part of IoUTracker+ and Deep SORT was Mask R-CNN. Obviously,
the overall performance of end-to-end methods is better than that of non-end-to-end
methods. This is because the end-to-end approach can integrate detection, segmentation
and tracking tasks in one VIS framework and optimize them jointly. In addition, the AP of
our method is 2.1% higher than MaskTrack R-CNN, which shows that the temporal feature
fusion module and new tracking head can bring advantages to VIS of granular materials.
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As shown in Table 3, we designed a series of ablation experiments to verify the impact
of each component for visual processing results. The temporal feature fusion module
has a greater impact on visual processing, because the module can make full use of the
contextual information of other video frames. It is worth noting that the tracking head
with long-sequence external memory also has a certain improvement effect on visual
processing. This is because the IoU in VIS is extended from static images to videos, and it
associates the tracking effect with the AP. In summary, adding a temporal feature fusion
module and improving the tracking head can achieve better visual processing results of
granular materials.

Table 3. Comparison of ablation experiment results. “TF” refers to the temporal feature fusion
module and “LM” refers to the tracking head with long-sequence external memory.

TF LM AP AP50 AP75

74.5 85.2 75.8√
76.3 (+1.8) 87.7 (+2.5) 77.6 (+1.8)√
75.1 (+0.6) 86.3 (+1.1) 76.7 (+0.9)√ √
76.6 (+2.1) 88.3 (+3.1) 78.1 (+2.3)

“
√

” means adding corresponding components to the VIS network.

Figure 8 shows the qualitative results of granular material VIS. We selected one image
from every 90 frames for all videos for display and annotated the instance ID of objects
inside the bounding box. Most granules in the videos can be segmented and tracked in
instance dimension. The segmented masks can overlay objects well, and most granules
do not have evident under-segmentation and over-segmentation. We also show the video
processing results of uneven illumination and lens defocus in validation. It can be seen that
our VIS model can also achieve good instance segmentation and tracking for these two
adversely affected videos. The VIS of the above granular materials can obtain complete
mask chains and the numerical information of granular materials can be obtained by further
post-processing.
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3.5. Numerical Measurement Experiment

As shown in Table 4, we measured the numerical information of granular materials in
the validation set and calculated the measurement errors to verify the effectiveness of our
proposed numerical measurement method. Calculations of measurement errors need to
firstly extract true numerical results of granular materials. For granular materials in the
vibrating state, a method by marking the long axes of primordial granules was developed
in order to collect the true movement information. One frame per 5 s of video was selected,
and the LabelMe data labeling tool was utilized to artificially mark the long axes of granules.
Then, the long axis coordinates were obtained from the corresponding .json file. The amount
of translation of granules can be obtained by the change of center locations of the manually
marked long axis coordinates, and rotation angles can be approximated on the basis of
the rotation angles of long axes. Finally, the movement information extracted with the
artificial method was regarded as the true values. For rotating granular materials, we
directly calculate their true amount of translation and true rotation angle results through
experimental equipment.

Table 4. Measurement errors of the effective data chain.

Video Type ET/% ER/% σT/cm σR/◦

Vibrating 8.95 16.43 0.47 3.41
Rotating 5.67 9.51 0.26 1.92

During the experiment, we found that for a small number of granular materials, mask
trajectory interruptions occur, or they are associated with other IDs because of the detection
or tracking errors, which may make the entire data chain invalid. The translation and
rotation errors of such granules are often huge, so we avoid these granular materials when
calculating the measurement error and only count the measurement errors of the effective
data chains. Effective data chains can be selected by setting a monitoring threshold for each
frame of displacement, and the threshold is the average of the diameters of minor axes of
all fitted ellipses. When the displacement exceeds this value, the granule is considered to
have an ID assignment error, and the data chain is discarded.

It can be seen from Table 4 that the relative errors of translation and rotation can be
kept at a low level, which shows the effectiveness of the proposed method. The relative
errors in vibrating-type videos are large because the real values of these videos are obtained
by manual calibration. The relative errors of the rotation angles of vibrating-type videos
are the largest among all errors, with a value of 16.43%. This is because the rotation
angles of granular materials are calculated by fitted ellipses and long axes, which need
more approximation. On the other hand, the standard deviations are also maintained at
a low level, whether the video is of vibrating or rotating type, which reflects the stability
of our proposed measurement method. In addition, the standard deviation of vibrating
videos is greater than that of rotating videos, it also because the true values of translation
and rotation angles of vibrating videos are obtained by manual marking. In general, our
improved VIS network and a series of post-processing steps can accurately measure the
amount of translation and rotation angle of dynamic granular materials and maintain a
high numerical measurement stability.

As shown in Figure 9, we plot the amount of translation curves and rotation angle
curves of the granules as a function of time and compare them with the true values.
Considering that velocity and acceleration also have a large effect on the macroscopic
mechanical behavior of dynamic granular materials, we also plot these curves (Figure 10).
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Figure 9. Translation and rotation curves for granular materials. (a,b) Translation and rotation of
three granules in a vibrating video, where the solid points are true results by manually marking. (c,d)
Translation and rotation of three granules in a rotating video, where the solid lines are the true values
from the structured environment.

In terms of general laws, the translation and rotation of granular materials in the
vibrating-type video are irregular, while the translation of granular materials in Figure 9c is
a trigonometric function with the same period, because these granular materials rotate at a
constant speed around the center of experimental table. The rotation angle in Figure 9d is
a linear function, which is also because these granular materials rotate uniformly around
the center of the experimental table. The motion laws of the above granular materials are
in line with expectations. It can be observed that the curves and the real scatter points
are basically consistent in Figure 9a,b, and it can also be seen from Figure 9c,d that the
measured curves and corresponding true curves are generally consistent, which shows that
our proposed numerical measurement method can accurately measure the translation and
rotation of granular materials in two types of vibration and rotation.
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accelerations of three granules in Figure 9c,d, where the solid lines are the true values.

It is worth noting that the trend of the amount of translation curve of granule 2 in
Figure 9a is generally consistent with the trend of curves of other granules under the
same vibrational load, but the rotation angle curve of granule 2 in Figure 9b shows some
differences compared to the rotation angle curves of granule 1 and granule 3. To explain
the reason for the occurrence of the above phenomenon, we searched for granule 2 in
the corresponding video and found its shape to be close to that of a standard circle. In
our proposed method, the rotation angle of granular material is calculated by fitting the
mask after segmentation into an ellipse and then using the long-axis rotation angle to
approximate the rotation angle of granular material. Since the shape of granule 2 is close
to that of a standard circle, the above-mentioned method may generate a certain error
in measuring rotation angle, resulting in the phenomenon that the rotation curve of the
granule 2 in Figure 9b does not match that of granule 1 and granule 3.

Figure 10a,b reflect the velocity and acceleration of granular materials in vibrating
state video and the true values are calculated from manual measurements of translation and
rotation. Figure 10c,d show the velocity and acceleration of the rotating granule materials
and true results calculated from the parameters of the experimental equipment. It can
be seen that velocity errors and acceleration errors are maintained at a low level, which
demonstrates the effectiveness of our method in measuring the velocity and acceleration of
granular materials. It is worth noting that the range of the ordinate in Figure 10d is small,
which causes the curve trend of the measured results and the true values to be inconsistent.
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4. Conclusions and Outlook

In this study, a numerical measurement method for dynamic granular materials based
on an improved video instance segmentation (VIS) network is proposed. Firstly, the
improved VIS network can realize multi-task learning based on data annotations and simul-
taneously detect, segment, and track dynamic granular materials. Secondly, the adverse
effects of lens defocus, uneven light, and high appearance similarity between different
granular materials can be effectively dealt with by the temporal feature fusion module and
new tracking head with long sequence memory. Finally, the numerical measurement of the
amount of translation, the rotation angle, velocity, and acceleration of dynamic granular
materials can be achieved through post-processing steps including centroid extraction,
long axis extraction, ellipse fitting and pixel-actual distance calibration. The experimental
results show that the improved VIS can achieve an average accuracy (AP) of 76.6. The
measurement errors of translation and rotation angle are 8.95% and 16.43%, respectively, in
vibrating videos, and 5.67% and 9.51%, respectively, in rotating videos with granular mate-
rials. Standard deviations of absolute errors of translation and rotation are maintained
at a low level, demonstrating the stability of our numerical measurement method.

The method in this study can be used to accurately measure the translation, rotation,
velocity and acceleration information of dynamic granular materials, and has great ad-
vantages and good application prospects in the calibration of discrete element method.
It is believed that this study is of great significance to study the spatial distribution, mo-
tion mode and macro-mechanical behavior of granular materials. However, it is worth
pointing out that the method in this paper has some shortcomings. Firstly, it is difficult to
measure the numerical information of occluded granular materials, because our method
relies on a visual sensor to capture videos. Secondly, our method approximates the motion
space of granular materials as a two-dimensional plane in the process of extracting the
numerical information of granular materials. Thirdly, this method approximately mea-
sures the rotation angles of granular materials by fitting ellipse and extracting the rotation
angle of long axis, which is challenging to apply to granular materials that are close to
standard circles. Finally, similar to the common risk of deep neural networks, the VIS part
of our method struggles to provide a detailed theoretical derivation process. Therefore, our
approach has poor interpretability compared to traditional mathematical models.

The shortcomings of the method proposed in this study will be further investigated.
Firstly, we will implement the numerical measurement of obscured granular materials by
obscured object detection methods in computer vision. Secondly, depth information in the
experimental environment will be extracted using a depth camera, and we will combine
depth information to extend granular materials from the two-dimensional plane into three-
dimensional space for study. Thirdly, to address the difficulty of measuring the rotation
angles of granular materials with shapes close to standard circles, we will further extract
finer texture information to obtain a more accurate representations of angles. Finally, the
important metric of measurement speed is not considered in this study. We will complete
the VIS task with more lightweight neural network model and meet the requirements for
real-time performance in real-world measurements. We also hope to strengthen the study
of interpretable part in future research.
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Abbreviations

AP Average precision at IoU = 0.50: 0.05: 0.95
AP50 Average precision at IoU = 0.50
AP75 Average precision at IoU = 0.75
CompFeat Comprehensive feature aggregation approach
Deep SORT Deep simple online and real-time tracking
DEM Discrete element method
FPN Feature pyramid network
ID Identity document
IoU Intersection-over-union
IoUTracker Intersection-over-union tracker
LM Tracking head with long-sequence external memory
LSV Laser speckle velocimetry
Mask R-CNN Mask region-based convolutional neural network
MaskTrack R-CNN Mask track region-based convolutional neural network
MSCOCO Microsoft common objects in context
PIV Particle imaging velocimetry
PTV Particle tracking velocimetry
ResNet Residual Network
RoIAlign Region of interest align
RPN Region proposal network
TF Temporal feature fusion module
VIS Video instance segmentation

References
1. Cao, Y.X.; Li, J.D.; Kou, B.Q.; Xia, C.J.; Li, Z.F.; Chen, R.C.; Xie, H.L.; Xiao, T.Q.; Kob, W.; Hong, L.; et al. Structural and topological

nature of plasticity in sheared granular materials. Nat. Commun. 2018, 9, 2911. [CrossRef] [PubMed]
2. Xie, Z.Z.; An, X.Z.; Wu, Y.L.; Wang, L.; Qian, Q.; Yang, X.H. Experimental study on the packing of cubic particles under

three-dimensional vibration. Powder Technol. 2017, 317, 13–22. [CrossRef]
3. Jia, M.C.; Yang, Y.; Liu, B.; Wu, S.H. PFC/FLAC coupled simulation of dynamic compaction in granular soils. Granul. Matter 2018,

20, 76. [CrossRef]
4. Omidvar, M.; Chen, Z.; Iskander, M. Image-Based Lagrangian Analysis of Granular Kinematics. J. Comput. Civ. Eng. 2015,

29, 4014101. [CrossRef]
5. Zhao, C.; Li, C.B.; Hu, L. Rolling and sliding between non-spherical particles. Phys. A-Stat. Mech. Its Appl. 2018, 492, 181–191.

[CrossRef]
6. Cundall, P.A.; Strack, O.D. A discrete numerical model for granular assemblies. Geotechnique 1979, 29, 47–65. [CrossRef]
7. Lu, Y.; Tan, Y.; Li, X.; Liu, C.A. Methodology for Simulation of Irregularly Shaped Gravel Grains and Its Application to DEM

Modeling. J. Comput. Civ. Eng. 2017, 31, 4017023. [CrossRef]
8. Sarno, L.; Carravetta, A.; Tai, Y.C.; Martino, R.; Papa, M.N.; Kuo, C.Y. Measuring the velocity fields of granular flows—

Employment of a multi-pass two-dimensional particle image velocimetry (2D-PIV) approach. Adv. Powder Technol. 2018, 29,
3107–3123. [CrossRef]

9. Zhang, Y.; Wang, Y.; Jia, P. Improving the Delaunay tessellation particle tracking algorithm in the three-dimensional field.
Measurement 2014, 49, 1–14. [CrossRef]

10. Yang, L.J.; Fan, Y.C.; Xu, N. Video Instance Segmentation. In Proceedings of the 17th IEEE/CVF International Conference on
Computer Vision (ICCV), Seoul, Korea, 27 October–2 November 2019; pp. 5187–5196.

11. Feng, Q.Y.; Yang, Z.X.; Li, P.K.; Wei, Y.C.; Yang, Y. Dual Embedding Learning for Video Instance Segmentation. In Proceedings
of the 17th IEEE/CVF International Conference on Computer Vision (ICCV), Seoul, Korea, 27 October–2 November 2019;
pp. 717–720.

12. Kim, D.; Woo, S.; Lee, J.-Y.; Kweon, I.S. Video panoptic segmentation. In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR), Seattle, WA, USA, 13–19 June 2020; pp. 9859–9868.

13. Lin, C.-C.; Hung, Y.; Feris, R.; He, L. Video instance segmentation tracking with a modified VAE architecture. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Seattle, WA, USA, 13–19 June 2020; pp.
13147–13157.

http://doi.org/10.1038/s41467-018-05329-8
http://www.ncbi.nlm.nih.gov/pubmed/30046062
http://doi.org/10.1016/j.powtec.2017.04.037
http://doi.org/10.1007/s10035-018-0841-y
http://doi.org/10.1061/(ASCE)CP.1943-5487.0000433
http://doi.org/10.1016/j.physa.2017.09.062
http://doi.org/10.1680/geot.1979.29.1.47
http://doi.org/10.1061/(ASCE)CP.1943-5487.0000676
http://doi.org/10.1016/j.apt.2018.08.014
http://doi.org/10.1016/j.measurement.2013.10.039


Materials 2022, 15, 3554 17 of 17

14. Liu, X.; Ren, H.; Ye, T. Spatio-temporal Attention Network for Video Instance Segmentation. In Proceedings of the 17th IEEE/CVF
International Conference on Computer Vision (ICCV), Seoul, Korea, 27 October–2 November 2019; pp. 725–727.

15. He, K.; Zhang, X.; Ren, S.; Sun, J. Deep residual learning for image recognition. In Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), Las Vegas, NV, USA, 27–30 June 2016; pp. 770–778.

16. Lin, T.Y.; Dollar, P.; Girshick, R.; He, K.M.; Hariharan, B.; Belongie, S. Feature Pyramid Networks for Object Detection. In
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Honolulu, HI, USA, 21–26 July 2017;
pp. 936–944.

17. Ren, S.; He, K.; Girshick, R.; Sun, J. Faster R-CNN: Towards real-time object detection with region proposal networks.
In Proceedings of the 29th Annual Conference on Neural Information Processing Systems (NIPS), Montreal, QC, Canada,
7–12 December 2015.

18. Fu, Y.; Yang, L.J.; Liu, D.; Huang, T.S.; Shi, H. CompFeat: Comprehensive Feature Aggregation for Video Instance Segmentation.
In Proceedings of the 35th AAAI Conference on Artificial Intelligence, online, 2–9 February 2021; pp. 1361–1369.

19. Bertasius, G.; Torresani, L. Classifying, segmenting, and tracking object instances in video with mask propagation. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Seattle, WA, USA, 13–19 June 2020; pp.
9739–9748.

20. Wang, Y.; Xu, Z.; Wang, X.; Shen, C.; Cheng, B.; Shen, H.; Xia, H. End-to-end video instance segmentation with transformers. In
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), online, 19–25 June 2021; pp. 8741–8750.

21. Lin, H.; Wu, R.; Liu, S.; Lu, J.; Jia, J. Video instance segmentation with a propose-reduce paradigm. In Proceedings of the 18th
IEEE/CVF International Conference on Computer Vision (ICCV), Montreal, QC, Canada, 10–17 October 2021; pp. 1739–1748.

22. He, K.M.; Gkioxari, G.; Dollar, P.; Girshick, R. Mask R-CNN. In Proceedings of the 16th IEEE International Conference on
Computer Vision (ICCV), Venice, Italy, 22–29 October 2017; pp. 2980–2988.

23. Hamzeloo, E.; Massinaei, M.; Mehrshad, N. Estimation of particle size distribution on an industrial conveyor belt using image
analysis and neural networks. Powder Technol. 2014, 261, 185–190. [CrossRef]

24. Lin, T.Y.; Maire, M.; Belongie, S.; Hays, J.; Perona, P.; Ramanan, D.; Dollar, P.; Zitnick, C.L. Microsoft COCO: Common Objects in
Context. In Proceedings of the 13th European Conference on Computer Vision (ECCV), Zurich, Switzerland, 6–12 September
2014; pp. 740–755.

25. Bochinski, E.; Eiselein, V.; Sikora, T. High-Speed Tracking-by-Detection Without Using Image Information. In Proceed-
ings of the 14th IEEE International Conference on Advanced Video and Signal Based Surveillance (AVSS), Lecce, Italy,
29 August–1 September 2017.

26. Wojke, N.; Bewley, A.; Paulus, D. Simple online and realtime tracking with a deep association metric. In Proceedings of the 24th
IEEE International Conference on Image Processing (ICIP), Beijing, China, 17–20 September 2017; pp. 3645–3649.

http://doi.org/10.1016/j.powtec.2014.04.038

	Introduction 
	Method 
	Method Framework 
	An Improved Video Instance Segmentation Network 
	Overall Network Architecture 
	Temporal Feature Fusion Module 
	Tracking Head with Long-Sequence External Memory 
	Loss Function 

	Post-Processing Steps 

	Experiment and Analysis 
	Experimental Equipment and Parameter 
	Dataset 
	Evaluation Indicators 
	Visual Processing Experiment 
	Numerical Measurement Experiment 

	Conclusions and Outlook 
	References

