
A Novel Particle Size Detection System Based
on RGB-laser Fusion Segmentation with Feature

Dual-recalibration for Blast Furnace Materials
Jinshi Liu, Graduate Student Member,IEEE, Zhaohui Jiang, Weihua Gui, Member,IEEE, and Zhiwen Chen,

Member,IEEE

Abstract—Particle size detection (PSD) is used to obtain
the particle size distribution of materials in the blast fur-
nace charging process, which is significant for optimizing
the gas flow distribution and ensuring stable production.
However, due to the complex surface texture of the materi-
als and the uneven illumination of the production environ-
ment, existing methods have difficulty obtaining the parti-
cle size distribution efficiently. This paper proposes an end-
to-end PSD system based on image segmentation to obtain
the particle size distribution online with high accuracy.
First, to further enhance the expression of edge features
and reduce the interference of complex textures, an RGB-
laser particle segmentation network (RLPNet) is developed
to obtain high-precision segmentation images by camera-
LiDAR sensor fusion. Moreover, to improve the fusion of
RGB and laser features, a feature dual-recalibration (FDR)
module was designed and embedded in RLPNet, consisting
of independent recalibration and joint recalibration with T-
convolution. Finally, to reduce the error caused by missing
edge particle pixels, an edge-recognition-based particle
size calculation strategy (ERP) is presented. Experimental
results demonstrate that the proposed method performs
well on the constructed dataset and in industrial applica-
tions. With the segmentation accuracy of RLPNet reaching
64.19%, the similarity between the particle size distribution
predicted with ERP and the actual distribution reaches
79.19%.

Index Terms—Image segmentation, Sensor fusion, Fea-
ture Recalibration, Particle size detection, Convolutional
neural networks.

I. INTRODUCTION

BLAST furnaces are some of the most critical pieces
of production equipment in the ironmaking industry, of

which the internal reaction stability determines the quality
of ironmaking [1]–[3]. The particle size distribution of blast
furnace (BF) materials is a key performance indicator in the
charging system, and its measurement accuracy and continuity
are essential for improving the gas permeability and internal
reaction stability in BFs, as shown in Fig. 1. Therefore, the
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Fig. 1. Blast furnace equipment images from an ironmaking plant:
(a)virtual 3D ironworks; (b)blast furnace charging conveyor. And
(c)curve of the permeability of the gas stream plotted against the void
ratio, which depends on the ratio of small particles (Vs) to large particles
(Vl), i.e., the particle size distribution [7], [8]. When the content of large
particles is close to 100%, the void ratio depends almost entirely on
the voids between large particles, and the void ratio is larger at this
time. When the content of small particles is close to 100%, the void ratio
almost entirely depends on the voids between small particles. Although
the voids between small particles are smaller than those between large
particles, the number of small particles is greater, so the void ratio with
fixed space is still larger. When the content of large particles is close to
70%, small particles just fill the voids of large particles, so the void ratio
at this time is the smallest.

efficient and accurate particle size detection (PSD) of BF
materials is of great significance for optimizing the gas flow
distribution and guaranteeing stable production [4]–[6].

After preliminary screening, the BF materials are trans-
ported to the BF top through a conveyor belt. Due to mixing
and losses during transportation, the particle size of the mate-
rials entering the BF changed compared to that in preliminary
screening. In addition, since preliminary screening is carried
out through 3-6 layers of fixed-size sieves, the particle size
distribution obtained by the preliminary screening is less
classified and has low accuracy. The above problems make it
difficult to accurately evaluate the porosity between BF mate-
rial stacks. The gas permeability in the furnace may deteriorate
for this, and the contact area between the gas flow and the
material surface will be affected, reducing the sufficiency of
the reduction reaction [9]. Therefore, only by online high-
precision detection of the particle size distribution of BF
materials on the conveyor can the ingredient and charging
system be adjusted according to the specific distribution to



ensure product quality. The existing PSD methods are mainly
physical detection methods, instrumental detection methods,
and image segmentation methods.

Physical detection methods. Most ironworks use physical
detection methods, using the physical properties of material
particles such as gravity and density to detect particle size
by screening, sedimentation, and other methods. This method
is easy to implement but has low accuracy and can only be
detected offline.

Instrument detection methods. Instrument detection meth-
ods mainly include light scattering, laser phase Doppler,
and aerodynamics. The light scattering method calculates the
particle size by measuring the size of the scattered light signal
emitted by the particles irradiated with light, and its measure-
ment range is 0.1-25 mm [10]. This method provides fast,
repeatable, and realistic measurements but requires periodic
calibration and offline sampling. The laser phase Doppler
method uses Mie scattering theory to measure particle size,
and its measurement range is 1.0E-06−1.0E-03 mm [11]. This
method avoids the influence of temperature and pressure but
can only measure at a single point and requires offline sam-
pling. The aerodynamic method mainly uses the characteristics
of particles of different sizes to generate different accelerations
in the accelerated airflow to calculate the particle size, and its
measurement range is 0.37-20 mm [12]. This method can avoid
the interference caused by factors such as the particle refractive
index and density, but it is susceptible to the interference
of particle overlap and requires offline sampling. Most of
these methods require offline sampling, and their measurement
range cannot completely cover the particle size range of BF
materials. Therefore, it is difficult for these methods to satisfy
high-efficiency and high-precision detection requirements.

Image segmentation methods. Due to the advantages of
online, fast, and noncontact image processing technology, a
set of PSD methods with image segmentation as the core has
been gradually formed. However, due to objective factors such
as complex surface texture, dense accumulation, and uneven
illumination of BF materials, it is difficult for traditional image
segmentation methods to use low-level features to effectively
distinguish edges from noises. With the wide application of
deep learning algorithms in image segmentation tasks, mining
high-dimensional features can improve the accuracy of image
segmentation.

In 2015, a Fully Convolutional Network (FCN) was pro-
posed to extract image features through the encoder and then
gradually merge the high-level features at the top of the
encoder and the low-level features at the bottom through the
decoder to form high-quality semantic segmentation outcomes
[13]. Later, some segmentation networks, such as UNet,
SegNet, Deeplab, and GCNs, were successively proposed
and achieved good outcomes [14]–[17]. These deep learning
networks based on an encoder-decoder structure extract deep-
level features, which can improve the image edge recognition
ability to a certain extent compared with low-level features.
Recently, some scholars have applied these segmentation
algorithms to the industrial field and have achieved good
application outcomes. Wang et al. proposed a new VGGNet
for feature extraction of coal dust images to obtain accurate

segmentation images [18]. Singh et al. used UNet to segment
river ice images to analyze ice particles [19]. In addition, Liu
et al. proposed a novel industrial chip parameter identification
method based on cascaded region segmentation for surface-
mount equipment [20].

However, these RGB-based segmentation algorithms are
still limited in the feature expression of complex objects. The
practical information extracted from RGB in complex objects
is limited, so it is still insufficient to achieve high preci-
sion even if the deep-level features are extracted. Therefore,
the complex textural characteristics of BF materials pose a
tremendous challenge for high-precision segmentation. Due to
objective factors such as uneven illumination, the tiny grooves
on surfaces with a certain depth are almost indistinguishable
from edges and background in pixel value, resulting in over-
segmentation [21]. The fundamental reason for the interference
of the groove texture on edge recognition is that the RGB
image, a projection on the particle surface, ignores the depth
difference between the groove textures and the particle edges.
Therefore, to overcome these difficult problems, this paper
proposes three contributions:

1) An end-to-end online PSD system based on camera-
LiDAR fusion and particle image segmentation is pro-
posed.

2) A feature dual-recalibration (FDR) module consisting
of independent recalibration and joint recalibration is
proposed to recalibrate the feature weights of two cross-
modal data in the self-channel and whole integrated level
so that the model can learn more valuable information
during fusion.

3) To reduce the error caused by missing edge particle
pixels, an edge-recognition-based particle size calculation
strategy (ERP) is proposed, and we complete ablation
experiments on a field dataset constructed by joint cali-
bration and annotation.

II. SYSTEM DESIGN AND DATA ACQUISITION

A. Overall System Design

The proposed system for the PSD of BF materials based
on image segmentation consists of three parts: an RGB-
laser data acquisition and processing system, an RGB-laser
particle segmentation network (RLPNet), and a particle size
calculation method, as shown in Fig. 2.

B. RGB-laser data acquisition and processing system

Hardware equipment and installation. Compared with
industrial cameras, single-line laser scanners, high-precision
ranging sensors, can obtain high-precision depth information.
However, the depth map obtained has low resolution and
a large number of information voids, which makes it lack
the ability to express details. For LiDAR, it is not easy
to participate in training as independent input information.
Therefore, these two sensors must complement each other
to achieve better outcomes. The RGB-laser data acquisition
and processing system consists of an industrial camera, a
single-line laser scanner, a light-filling device, sliding brackets,



Fig. 2. Structure diagram of the RGB-laser data acquisition system.
(a) Partial view of the acquisition system and (b) overall view of the
acquisition system.

calibration brackets, Ethernet cables, and a computer, as shown
in Fig. 2.

Joint calibration of the camera and LiDAR. Joint cali-
bration of the camera and single-line laser scanner is the basis
for obtaining RGB-laser datasets with consistent temporal
and spatial distributions. It includes time synchronization,
camera internal parameter calibration, and external parameter
calibration. Time synchronization and camera internal param-
eter calibration can be completed offline. External parameter
calibration of single-line LiDAR and industrial cameras solves
the rotation and translation matrices that can convert the
radar coordinate system into the camera coordinate system,
as shown in Fig. 3. Specifically, the image’s local highest
point of the particle surface is selected as the marker point.
Then, the corresponding data point pairs are obtained in the
image coordinate system and the LiDAR coordinate system.
Furthermore, they are formed into a linear system of equations
containing at least three datasets. Finally, the PnP algorithm is
applied to solve this system of equations to obtain the extrinsic
parameter matrix [22].

RGB-laser Dataset of BF materials. More than 10000
2592×2048 RGB images and corresponding laser data were ac-
quired by an industrial camera (ACA2500-14GM Basler) and
a single-line laser scanner (LMS4111R-13000) on a conveyor
belt moving at a constant speed. The acquisition frequency of
the industrial camera with single-line LiDAR is approximately
60ms. To reduce the redundancy and duplication of data,
60 original pictures with almost no duplicated areas, called
nonoverlapping pictures, were selected according to a fixed
time interval (approximately 10s). Then, the pictures that
were unclear, incomplete, and without laser data pictures were
eliminated based on manual experience. The label drawing tool
Labelme was used to manually label the 56 pictures manually,
and the pixels were labeled background, edge, and material
internal areas. Forty-two of the 56 original images were used
to form the training set, 7 were used to form the validation set,
and 7 were used to form the test set. To increase the diversity
of the data, we performed five rounds of random cropping,
rotation, and flipping for each image, where each image was
expanded to 5*8=40 images. Therefore, 42 2592*2048 original
images were expanded into 1680 256*256 training images,
where 280 256*256 images are manually eliminated due to
blurred imaging, too much background, insufficient light, and

Fig. 3. Joint calibration of the camera and single-line laser scanner.
(a) Three views of the acquisition system; (b) the external parameter
calibration; and (c) image after calibration.

too many shadows. Finally, the remaining 1400 images formed
the training set, where dense depth maps are obtained by
complementing the laser maps [23].

III. SEGMENTATION NETWORK ARCHITECTURE

A. Network Backbone
The backbone of RLPNet consists of an RGB encoding

branch, a laser encoding branch, a fusion branch, and the
decoding process, as shown in Fig. 4. These encoding branches
are all feature compression processes with a network-like
structure. Each layer of these three branches consists of two
groups of 3×3 convolution, batch normalization, and ReLU,
i.e., ResNet-18 (R18) [24]. The fusion branch consists of 5
FDR layers, and the FDR input is the features on the RGB and
Laser branches. The features in the encoder are concatenated
into the features in the decoder through skip connections.
Then, the 256*256 segmented images are obtained by four
bottom-up sampling processes and 1×1 convolution.

B. Feature Dual-recalibration Module
1) Motivation: Due to the accuracy limitations of the

interpolation and calibration algorithms, the depth information
obtained by LiDAR may still contain some noise. Some
scholars have proposed solutions to improve this problem
in the direction of RGB-D feature fusion [25]. In [26], the
relative localization of moving targets is completed through
sensor fusion of the RGB-D camera and LiDAR. ACNet
exploits an attention complementarity model that uses of depth
information effectively [27]. RFNet uses SENet submodules
to give independent weights to RGB and depth information
in advance [28], [29]. However, these designs simplify the
relationship between RGB and depth information. In other
words, the interaction and correlation of RGB and depth
information are only implicitly modeled. Later, a bilinear
feature fusion CNN was proposed to recognize distributed
tactile pressure in intelligent industries [30]. Xie et al. pro-
posed an end-to-end CNN architecture to extract features from
different images to detect the surface defects of magnetic tiles
[31]. These methods have difficulty making good use of the



Fig. 4. The structure of the proposed detection system based on RGB-laser particle segmentation. The segmentation of BF materials images is to
classify each pixel to determine whether the pixel belongs to the background, edge, or materials’ internal area, labeled to 0, 1, and 2, respectively.

complementarity of the two kinds of features. Motivated by
this, we design and embed a novel FDR module in RLPNet to
obtain sufficient information during fusion, as shown in Fig.
5.

2) Independent Recalibration: FDR is divided into inde-
pendent recalibration (IR) and joint recalibration (JR). The
purpose of IR is to recalibrate the importance distribution of
each feature channel at the self-channel level before feature
fusion. Specifically, a C×H×W feature map is first compressed
in the spatial dimension, turning each 2D feature channel
into a real number. This C×1×1 sequence of real numbers
has a global receptive field, representing a global informa-
tion distribution on the channel. This can be achieved by
global average pooling on the two feature maps, denoted
RGBin, LASin ∈ RC×H×W .

Sl = Fgap (LASin) =
1

H ×W

H∑
i=1

W∑
j=1

LASin(i, j) (1)

where Fgap refers to global average pooling, and Sl represents
the global descriptors of the laser feature map on the channel.

A bottleneck structure containing two fully connected (FC)
layers is adopted to further learn the nonlinear relationship
between channels, which reduces the model complexity and
improves the generalization ability. The advantages of choos-
ing a bottleneck structure consisting of two FC layers to model
the correlation between channels are twofold. 1. Compared
with using only one FC layer, the learning process of this
network has more nonlinearity and can better fit the complex
correlation between channels. 2. This design also reduces the
number of parameters and the computational effort of the
network compared to two FC layers without dimensionality

reduction. Sufficient descriptions and experimental proofs are
provided for this problem in [32]. The first FC layer plays the
role of dimensionality reduction, while the second FC layer
aims to restore the original dimension. Then, the independent
attention vector for the laser input is learned by

Wl = F2fc(Sl, wl) = σ
(
w1
l δ
(
w0
l Sl
))

(2)

where F2fc refers to two FC layers, and w0
l and w1

l represent
the parameters in the two FC layers. σ denotes the sigmoid
function, and δ refers to ReLU. The network can select more
important channels and suppress less important channels by
assigning different weights. Then, a less noisy feature repre-
sentation is obtained by channel-wise multiplication between
the input feature map LASin and the channel weights Wl,
taking the laser feature map as an example.

LASir = LASin ⊗Wl (3)

where ⊗ refers to channel-wise multiplication. These two
feature maps can be independently recalibrated to form a
feature representation with less noise from the perspective
of their channel distribution. In addition, it is also necessary
to highlight the differences in the contribution of each fea-
ture map in the whole integrated level to facilitate fusion.
Therefore, a second recalibration is designed to recalibrate the
weights of these two features according to the contribution of
each feature after IR, denoted joint recalibration.

3) Joint Recalibration: First, to fully exploit the comple-
mentarity of RGB and a laser, the fused features must be
aggregated in a complementary manner at a certain location
in space according to their representational capabilities. To
achieve this, the spatial gates for RGBin and LASin are
generated to control the information flow of each modality



Fig. 5. Structure of the feature dual-recalibration module. FDR can
recalibrate the feature weights at the self-channel level and whole
integrated level for the input RGB and laser features. Its output is the
fusion feature map for this weight distribution, which provides more
effective input for subsequent decoders. The dimension of both Mr

and Ml are C/r ∗ 1 ∗ 1. From the experimental results, this bottleneck
design is able to improve the segmentation accuracy by sacrificing some
efficiency. A balance between accuracy and efficiency can be found with
a suitable setting of r. r indicates the scaling factor, we set r = 16.

feature map using a soft attention mechanism [33]. These two
feature maps are first concatenated and then mapped to two
different spatial gates through a 1×1 convolution:

Al = F1×1con(RGBir ⊕ LASir) (4)

Gl(i, j) =
eAl(i,j)

eAr(i,j) + eAl(i,j)
(5)

Similarly, it requires adjusting the fusion feature weight
from the channel level according to the different contributions
in the whole integrated level. [34] concludes that the location
information is encoded according to the order of channels in
feature extraction. Thus, if the positional distributions of the
RGB and laser input in the spatial dimension correspond, their
feature maps also have a certain similarity in the corresponding
channels. Moreover, the sequential encoding of channels also
indicates that there must be some connection between each
channel and nearby channels. Therefore, a T-shaped convolu-
tion (TC) is designed to adjust the fused feature weights of
RGB and laser again, as shown in Fig. 6.

Dt
l (c) = λl,cWl(c) + λr,cWr(c) +

(D−1)/2∑
i=−d

λl,c+iWl(c+ i)

(6)

Fig. 6. TC is composed of a D×1 convolution and a 1×W convolution,
where D depends on the neighborhood size d of the current channel
(D=2d+1) and W indicates the number of feature maps participating in
feature fusion (W=2). The value of D determines the perceptual field
of the T-shaped convolution. The problem of choosing the size of the
perceptual field of T has some similarities to the problem of choosing the
size of the standard convolution kernel. The minimum parameters and
computational effort are required for D=3. The value of D determines
which nearby channels are computed with the current channel. D=3
means selecting the channel closest to the current channel for operation,
that is, the previous channel and the next channel most related to the
current channel. Channels that are farther from the current channel are
less correlated with the current channel, so ignoring the farther channels
in our calculations will not affect the results much.

Dl(c) =
Dt
l (c)

Dt
l (c) +Dt

r(c)
(7)

where Dt
r(c) and Dt

l (c) represent the intermediate outcomes
of the c-th channel after the weighted operation of Wr(c) and
Wl(c). Dr(c) and Dl(c) are the outcomes of linear changes
for Wr(c) and Wl(c), which represent the outcomes of the
recalibration of Wr(c) and Wl(c) from the perspective of the
whole integration. λ refers to the intermediate parameters that
need to be trained. Then, the weighted feature map LASjr
can be obtained by a channel-wise multiplication between the
feature maps LASir and the fusion weight Dl.

LASjr = LASir ⊗Dl (8)

Finally, the fusion feature map Mout can be obtained by
weighting RGBjr and LASjr at the spatial level.

Mout = RGBjr �Gr + LASjr �Gl (9)

where � refers to spatial-wise multiplication. To fully use the
feature information of different scales, the fusion feature maps
of each layer obtained by FDR are integrated as the first layer
input of the decoding process. Additionally, the RLPNet is
trained with a cross-entropy function.



Algorithm 1 Particle size distribution calculation
Input: A segmented image Is
Output: Particle size distribution R = (r1, r2, . . . , rn)

1: P,N ← fcd(Is)
2: //Extracts and counts all connected domains in the image
3: for each i ∈ [1, N ] do
4: if RECOGNITION(pi, size(Is)) then
5: di ← fMCD(pi)
6: else
7: di ← fheywood(pi)
8: end if
9: end for

10: R← fpss(D) //fpss represents the particle size statistic
11: function RECOGNITION(Array, size)
12: //Input a particle contour array and image size
13: length = size[0]
14: width = size[1]
15: for each j ∈ [0, len(Array)) do
16: x = Array[j][0]
17: y = Array[j][1]
18: if x ∗ y ∗ (x− length) ∗ (y − width) = 0 then
19: return True //Edge particle
20: else
21: return False //Complete particle
22: end if
23: end for
24: end function

IV. PARTICLE SIZE DISTRIBUTION CALCULATION

After obtaining the segmented image, an efficient particle
size calculation (PSC) method based on segmented images
is needed to quantify the final result. A single particle’s size
representation method is related to the detection method. Cur-
rently, the main representation methods are triaxial diameter,
projection diameter, spherical equivalent diameter, etc., as
shown in Fig. 7. The triaxial diameter calculation method can
be used to describe the particle size for detection methods that
can obtain the particles’ three-dimensional shape. However,
the PSD method based on image segmentation essentially
computes the size in the projection of the particle in a specific
direction. Therefore, the projected diameter is used in this pa-
per to calculate the single particle size. The projected diameter
mainly includes the minimum circumcircle diameter (MCD),
Feret, Martin, and Heywood [35]. Heywood, dH =

√
4A
π ,

calculates the particle size by converting the projected area of
an object into a circle of equal area, where A refers to the
projected area.

Due to the limited field of view of the camera, the particles
at the image’s border are missing some pixels and are recorded
as edge particles. The pixels missing from edge particles have
significant errors in their particle size calculations, so the same
calculation method cannot be used for all particles. An ERP is
proposed to solve this problem, as shown in Algorithm. 1. We
judge whether a particle is an edge particle by determining
whether at least two of the contour points of each particle
appear at the image edges.

Fig. 7. Calculation of particle size. Martin diameter refers to the length
of the line segment that bisects the projected area in a specific direction.
Feret diameter refers to the spacing of 2 parallel lines in the same
direction that holds the particle.

We assume that the i-th particle size interval is [t ∗ s0, (t+
1)∗s0) (t ∈ N), and the number of particles in the i-th interval
is Ni, where the largest particle size in the measured particles
is smax. There, the particle size distribution of the measured
particle pile is as follows:

ri =
Ni

smax//st+1∑
j=1

Nj

(10)

where // refers to a division operation with rounding down
and ri represents the ratio of the amount of i-th interval
particles to the total particles as a percentage. s0 represents
the size of the artificially determined particle level interval.

The mass distribution of the particles, denoted M =
(m1,m2, . . . ,mn), is obtained from field acquisition, while
the quantity distribution of the particles is obtained based
on the segmented image, denoted R = (r1, r2, . . . , rn).
Therefore, we also need to establish a conversion relationship
between these two.

mi =

Ni∑
j−1

wj

M
=

Ni∑
j−1

fm(dj)

Nw̄
=

Ni∑
j−1

fm(dj)

Ni

ri
· 1
Ni

Ni∑
j−1

fm(dj)

= ri

(11)
where w̄ refers to the mean mass of the particles and M indi-
cates the total mass of the pile of particles. fm(d) represents
the relationship between particle size and mass; if the particles
are considered spheres, then fm(d) = 1

6πρd
3. N denotes the

total quantity of the pile of particles, and Ni refers to the
number of particles in the ith particle level interval.

V. EXPERIMENTAL VERIFICATION

A. Verification Analysis of the Segmentation Algorithm

We prioritize cutting-edge algorithms that have structures
similar to ours, and they are widely compared, including
RGB-based segmentation algorithms (UNet, PSPNet, and
DeepLabv3) and RGB-D-based segmentation algorithms (Red-
Net, RDFNet, RFNet, and ACNet), as shown in Fig. 8 and Tab.
I. Since our individual encoder branches have some structural
similarities to networks such as UNet, we first chose them
as the baseline for our RGB-based segmentation algorithm.



Fig. 8. Segmentation outcomes of part of the test dataset. The locations marked by blue boxes indicate locations where the RGB-D-based
algorithms are significantly better than the RGB-based algorithms, and the locations marked by green boxes indicate where RLPNet is significantly
better than the mainstream RGB-D algorithms. (a)RGB; (b)laser; (c)DeepLabv3; (d)UNet; (e)RFNet; (f)ACNet; (g)RLPNet (Ours); (h)Ground truth.

Fig. 9. Comparison with the visualized feature maps of the mainstream
feature fusion methods.
The five layers in this Figure represent the output features of

the corresponding five-layer FDR in RLPNet.

RFNet, a real-time segmentation network, was chosen as the
baseline for evaluating the efficiency of our algorithm. ACNet
is a type of encoder-decoder framework and uses ResNet in
its backbone, so it is used to evaluate the accuracy of RGB-
D-based segmentation.

In the blue boxes, RLPNet generates more accurate con-
nected domains and edges than RGB-based segmentation
methods such as UNet, mainly thanks to reliable laser depth
information, as shown in Fig. 8. The green boxes show that
depth information does not always complement RGB well
and may even reduce the overall accuracy. However, RLPNet-
R18 has no noticeable wrong edges in the green box and
can achieve better segmentation than other algorithms. The
segmentation result of RLPNet-R18 reaches 64.2% on mIoU,

Fig. 10. Comparison of accuracy and efficiency by adding different FDR
combinations. As more FDRs are added, mIoU gradually increases, but
by a smaller amount, while FPS gradually decreases and by a larger
amount.

which is 1.75% and 0.93% better than that of DeepLabv3
and that of ACNet, respectively. Compared with RLPNet-R18,
RLPNet-R34 and RLPNet-R50 can only improve by 0.99%
and 1.15%, respectively. Regarding algorithmic efficiency, the
FPS of RLPNet-R18 is very close to that of the real-time
segmentation network RFNet and slightly higher than that
of ACNet. However, the efficiencies of RLPNet-R34 and
RLPNet-R50 are considerably lower.

B. Verification Analysis of the Fusion Strategy
To further verify the efficient fusion capability of FDR,

we replace the position of FDR in RLPNet with several
mainstream fusion modules, including concatenation, element-
wise add, concatenation+SENet, IR, and JR without TC. Fig.
9 and Tab. I show that the feature maps obtained by FDR are
visually closer to the labels, which is also proven by comparing



TABLE I
ACCURACY AND EFFICIENCY COMPARISON OF PARTICLE SIZE DISTRIBUTION UNDER DIFFERENT ALGORITHMS

Method Backbone D1 PSC Segmentation Accuracy Final Distribution Accuracy FPSBackground Edge Ore mIoU RS eKL eJS mean

R
G

B UNet [14] - - ERP 0.6096 0.4243 0.8309 0.6216 0.6225 0.7013 0.8337 0.7192 10.9
PSPNet [36] - - ERP 0.6140 0.4252 0.8301 0.6231 0.6411 0.7117 0.8400 0.7310 9.2

DeepLabv3 [37] - - ERP 0.6159 0.4262 0.8311 0.6244 0.6528 0.7296 0.8515 0.7447 7.6

R
G

B
-D

RedNet [25] R182 - ERP 0.6096 0.4319 0.8374 0.6263 0.6727 0.7180 0.8436 0.7448 9.6
RDFNet [38] R18 - ERP 0.6119 0.4321 0.8382 0.6274 0.6885 0.7277 0.8495 0.7553 1.2

RFNet(Concatenation+SENet) [28] R18 - ERP 0.6087 0.4294 0.8375 0.6252 0.6541 0.7073 0.8371 0.7329 9.3
ACNet [27] R18 - ERP 0.6241 0.4356 0.8381 0.6326 0.7201 0.7350 0.8536 0.7696 7.2

RLPNet(Ours) R18 3 MCD
0.6394 0.4394 0.8469 0.6419

0.5198 0.6429 0.7861 0.6497 7.5
RLPNet(Ours) R18 3 HEY 0.3739 0.6134 0.7663 0.5846 7.5
RLPNet(Ours) R18 3 ERP 0.7675 0.7477 0.8606 0.7919 7.4

RLPNet-JR(Without JR) R18 - ERP 0.6298 0.4302 0.8258 0.6286 0.7043 0.7249 0.8474 0.7589 9.1
RLPNet-TC(Without TC) R18 - ERP 0.6359 0.4321 0.8397 0.6359 0.7402 0.7409 0.8568 0.7793 7.4

RLPNet-con(with concatenation) R18 - ERP 0.6252 0.4230 0.8136 0.6206 0.5880 0.6949 0.8300 0.7044 10.3
RLPNet-ele(with Element-wise) R18 - ERP 0.6277 0.4197 0.8096 0.6190 0.5407 0.6741 0.8170 0.6773 9.4

RLPNet-FDR(Add 4 FDRs to decoder) R18 3 ERP 0.6401 0.4525 0.8475 0.6467 0.7806 0.7503 0.8619 0.7976 4.8
RLPNet-D7(Ours) R34 7 ERP 0.6600 0.4525 0.8450 0.6525 0.7895 0.7570 0.8659 0.8042 3.0
RLPNet-D5(Ours) R34 5 ERP 0.6593 0.4524 0.8449 0.6522 0.7790 0.7564 0.8658 0.8004 3.2

RLPNet(Ours) R34 3 ERP 0.6584 0.4523 0.8447 0.6518 0.7854 0.7539 0.8641 0.8011 3.3
RLPNet(Ours) R50 3 ERP 0.6590 0.4627 0.8489 0.6534 0.7921 0.7591 0.8672 0.8062 1.1

1. D is the kernel size of TC proposed in this paper. 2. R18 indicates ResNet-18, R34 indicates ResNet-34, and R50 indicates ResNet-50.

Fig. 11. Comparative graph of particle size calculation results. (a) Com-
parison of particle size calculation results based on labeled images and
(b) comparison of particle size calculation results based on segmented
images of RLPNet. The blue dots indicate the true results, and the red
dots indicate the results calculated by ERP, and the green dots indicate
the results calculated by Heywood. The distribution of the red dots can
be observed through the 45-degree line to be closer to the distribution
of the blue dots than the distribution of the green dots, i.e., the results of
ERP are closer to the labels.

segmentation accuracy. In addition, we did not add FDR to the
decoder for the following reasons. 1. The output features of the
first layer of the decoder have already been denoised by FDR,
and adding FDR to the decoder again is methodologically
repetitive and redundant. 2. The accuracy improvement is not
apparent, and the efficiency decreases more. We tested the
effect of adding 4-layer FDR in the decoder, which only
improves the mIoU by 0.14% compared with RLPNet-R18
but decreases the efficiency by 2.6FPS, as shown in Fig. 10.

We tested the effect when D=3, 5, and 7 in TC. As stated
in Tab. I, the accuracies of RLPNet-R34 at D=5 and 7 are
only 0.04% and 0.03% higher, respectively, than the accuracy
at D=3, and its efficiency is still decreasing.

Fig. 12. Particle size distribution calculation results and error analysis of
different batches using ERP and Heywood. (a) Particle size distribution;
and (b) RMSE.

C. On-site Verification of Particle Size Distribution

Not only will the segmentation accuracy affect the final
particle size distribution accuracy, but the particle size cal-
culation method will also have a considerable impact on the
final particle size distribution.

To quantitatively assess the accuracy of the final particle size
distribution, we used the coefficient of determination (RS =
n∑

i=1
wi(ŷi−ȳi)2

n∑
i=1

wi(y−ȳi)2
), KL-divergence (KL =

∑
x∈X

P (x) log P (x)
Q(x) ),

and JS-divergence (JS = 1
2 (KL(P ||P+Q

2 ) +KL(Q||P+Q
2 )))

to calculate the distance between the predicted particle size
distribution and the actual particle size distribution [39]. ŷi
represents the predicted value, and ȳi denotes the mean of the
true value. P and Q indicate the two different distributions.
eKL = e−

√
KL and eJS = e−

√
JS are exponential transfor-

mations of KL-divergence and JS-divergence, respectively.
To verify the accuracy of ERP, we obtained segmentation

results with RLPNet-R18 and then calculated the particle size
distribution with ERP, Heywood, and MCD. Fig. 11 shows
the size of each particle for a given sample calculated by the
combination of RLPNet-R18 and ERP with Heywood. The



Fig. 13. Improvement percentage in the final particle size distribution ob-
tained by different segmentation algorithms compared to ACNet. mean
indicates the average accuracy of the final particle size distribution.
The purple dashed line indicates our baseline, i.e., the performance
of ACNet. For easier observation, we have zoomed in on the green
boxed area. The green boxed area shows the comparison results of the
four methods ACNet, RLPNet, RLPNet-JR and RLPNet-TC. The small
picture in the middle is an enlarged version of the comparison between
RLPNet and ACNet.

statistics of the calculated results for the subsample sets were
obtained from Fig. 12(a) and Tab. I. Fig. 12(b) shows the error
results obtained for the calculations. The accuracy of the over-
all particle size calculation is improved because ERP considers
more incomplete edge particles. Therefore, the results in Fig.
12 and Tab. I show that the particle size distribution obtained
by ERP is closer to the actual distribution.

Fig. 13 quantitatively visualizes the effect of enhancing the
segmentation algorithm on the final particle size distribution.
The final particle size distribution obtained by RLPNet-R18
achieves 76.75%, 74.77% and 86.06% accuracies on RS, eKL,
and eJS, respectively, which are 4.74%, 1.27% and 0.70%
improvements compared to those of ACNet, respectively. The
overall efficiency of RLPNet-R18 is also very close to that
of the real-time RGB-D segmentation network RFNet, with a
decrease of only 1.9 FPS.

VI. CONCLUSION
Unlike traditional particle size detection methods, we pro-

pose a new particle size detection system based on RGB-laser
particle segmentation, which can calculate the particle size
distribution of blast furnace materials with high efficiency and
accuracy. First, to extract particle targets in BF material images
with high accuracy, an RGB-laser-based particle segmentation
network is proposed to reduce texture interference in edge
recognition. Moreover, to further enhance the expression of
edge features, a feature dual-recalibration module is designed
and embedded in the particle segmentation network to improve
the fusion efficiency of RGB and laser features. Through
independent and joint recalibration, the two cross-modal fea-
tures are efficiently fused from the self-channel and whole
integration levels. In addition, to reduce the error caused
by missing edge particle pixels, an edge-recognition-based
particle size calculation strategy is proposed. In the experi-
mental verification part, the effectiveness and high precision
of the proposed algorithm are first verified comparison with

the mainstream segmentation algorithms, which achieve an
accuracy of 64.19% in mIoU. Then, by comparison with other
mainstream feature fusion strategies through ablation experi-
ments, the strong fusion ability of feature dual-recalibration for
cross-modal features is verified. Finally, the mean similarity
between the particle size distribution predicted by the proposed
method and the actual distribution reaches 79.19%.
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