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Application of Mask R-CNN model combined with CBAM in pellets

identification and particle size measurement
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Abstract: The pellet size is one of the main factors affecting blast furnace air permeability blast furnace smelting
efficiency and energy consumption. In order to solve the problem that the pellet size is difficult to measure accurately under
industrial conditions the Mask R-CNN model combined with attention mechanism is used to segment and measure the
pellet size. After preprocessing the pellets image the pellet dataset is constructed the training performance of a variety of
backbone networks is compared and the accuracy is compared with multiple segmentation models. In addition the pellet
size is measured by using the pixel statistically segment mask area. The results show that ResNet50 is superior as the
backbone network in feature extraction of pellets. The Mask R-CNN model of Convolutional Block Attention Module

( CBAM) is introduced which improve by 2.18% compared to the initial model A Compared with BlendMask
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SOLOv2 YOLAT and Condlnst the improved model also has advantages in segmentation accuracy and can better handle

segmentation details. In addition compared with the pellet size measured by Image J the maximum error of the pellet size

measurement method proposed in this paper is kept within +1.8 mm and A, _, s can reach 0. 948 3.

Key words: pellet size; Mask R-CNN; transfer learning; ResNet; CBAM

( GB/T 27692—2011)

16 mm = .

. BAI

8 ~

8

( CNN) o CNN
: YOLO. YOLACT.
ssp M R-CNN.
Fast R-CNN. Faster R-CNN Mask
R-CNN "%
. YANG " Faster R-CNN
97. 0% - HE
* ME Mask R-CNN 11
91.3% »
WANG  *'
Mask R-CNN
98. 7% » Mask R-CNN
( fully convolutional networks FCN)

Mask

1.1 Mask R-CNN
HE ™  Faster R-CNN

Mask R-CNN,



2025 1 : CBAM  Mask R-CNN 87

Mask R-CNN N
( residual networks ResNet o

ResNet)
( feature pyramid networks FPN) | ) N o
( region proposal networks RPN)

S ROI Align o

o . ( squeeze-and-excitation networks SENet) .
o ( coordinate attention CA)
1 o CBAM o SENet
SENet
o CA
o CA
CBAM
o W00
* CBAM
1 Mask R-CNN °
Fig. 1 Structure of Mask R-CNN network 2 ° 2
1.2  Mask R-CNN CxHxW
( MaxPool)
( AvgPool) Cx1x1
N S~ S,
. . ( multidayer perception MLP)
S » ®—
2

Fig.2 Mechanism of channel attention



88 50 1
FC,. FC, RelLU Mask R-CNN
Cx1x1 S’ S CBAM
Sigmoid
M, o
M, F
F, (1) . (2)
M (F) =g{MLP AvgPool( F) +
MLP MaxPool( F) } =a{ W, W,(F,) +
W, Wo(Fi) ) (1
F =M XQF (2)
Lo Sigmoid 0 1
W, W, MLP
3 o
F-
MaxPool ~ AvgPool P, e RV 4 CBAM  ResNet
RV o P, e RV Fig. 4 Backbone network of ResNet introduced
. P, into CBAM
3 M, ~ M,
M, .
F- M, =Conv, ,( Cy) (5)
M, M, =Conv,, (C)@f.(M,,,) ie{4 32} (6)
F" (3) . (4) C M, C, O
M F) =o{f"" AvgPool( F); ResNet i ; Conv,
MaxPool( F*) } (3) 1 x1 @
F' =M. QF (4) T 2 x2 .
M, ~ M,
Mg =Conv, ,( C,) ®A, Conv, (C,) (7)
M, =Conv,,,(C,) ®A, Conv, (C) &P
J.(P) ie{4 3 2} (8)
DA, i CBAM
; ® o
3
Fig.3 Mechanism of spatial attention mechanism 2
CBAM  ResNet 2.1
4 o 4 c,. C,. C, C; 1xI1
CBAM o ( 71 ) o
Mask R-CNN

o CBAM



2025 1 : CBAM  Mask R-CNN

89
. 7 (7
() o 497
41 874 o
7:2:1 N o
o 2.3
Ubuntu 9. 4.0 ubuntul ~
=, (9) . 20.04.2 4 NVIDIA GeForce
S=cr (9) RTX 3090( 24 GB) . Python 3.7
Coc CUDA 11.3
;T 0~1 y PyCharm. pytorch o
o 1.
5 o 8
v=0.5 o 8
v o Labelme
% :
Labelme
80 5982
o 6 o o
2.2 Image J
71 7,
(a) 7 (b) y=0.5 ;o (e) y=2
5 4

Fig. 5 Effect of image transformation under different y values

Fig. 6 Raw data and data visualization



90 50 1
(a) » (b) 90°; («¢) 90°; (d) 90° ;
(e) 180°; (1) 270°; (g) ; (h)
7
Fig.7 Schematic of data enhancement visualization
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Sqp Table 1 Pellet feature extraction evaluation results under
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oo Su (1) A Auos Ao A A
Stp +Spy ResNetlOl ~ 0.129 0.394 0.035 0.019 0.136
° ResNet50 0.569 0.849 0.726 0.230 0.591
VGG13 0.200 0.496 0.127 0.001 0.212
o VGGI16 0.292 0.566 0.277 0.015 0.309
PR Average MobileNet_v2 0.032 0.129 0.003 0.020 0.033
Precision A . MobileNet_v3_small 0.087 0.292 0.016 0.011 0.092
( intersection over union  ToU) MobileNet_v3_large 0.050 0.182 0.008 0.006 0.052
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Fig. 10 Comparison of pellet image recognition under different algorithms
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Table 2 Evaluation results of different models
ean Ay =0.5 Ay =0.75 A, A, /s
Mask R-CNN 0.714 0 0.942 2 0.850 5 0.3423 0.783 8 1. 14
YOLACT 0.227 9 0. 600 8 0.235 1 — — 0.52
BlendMask 0.7195 0.958 7 0.821 4 0.3251 0.740 7 1.20
Solov2 0.527 8 0.784 7 0.611 4 0.3595 0.5413 1.34
CondlInst 0.627 4 0.9322 0.783 8 0.178 2 0. 648 4 1. 67
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Fig. 11 Comparison of pellet size identification and distribution results of pellet size
3 0.948 3,
Table 3 Comparison of pellet size measurement results +1.8 mm

under different methods

Tmage J
/mm /mm /mm /%

1 11.756 10. 8 0.956 8.1320
2 13.539 12.3 1.239 9.1513
3 13. 958 13.2 0.758 5.430 6
4 9.796 9.3 0. 496 5.063 3
5 11. 639 11.4 0.239 2.053 4
6 12. 410 12.0 0.410 3.303 8
7 15. 164 14.6 0. 564 3.719 3
8 13.539 12.9 0.639 4.7197
9 11.915 11.4 0.515 4.3223
10 12. 559 12.0 0.559 4.451 0
11 11.912 11.2 0.712 5.9772
12 15. 064 14.3 0.764 5.0717

(1) ResNet. VGG. DenseNet
MobileNet Mask R-CNN

ResNet50
(2) ResNet50
CBAM
(3) Mask R-CNN

mean
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