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Visual Recognition of Float Flowmeter Readings in Sintering Process of
Lithium-Ion Battery Cathode Materials Based on YOLOFFM

HUANG Yong, LIU Yang, XIA Xing, XIAO Shengwang, LI Ran
( Changsha Research Institute of Mining and Metallurgy Co., Lid., Changsha 410012, Hunan, China)

Abstract: To address problems of accuracy and efficiency in automatically reading of float flowmeter at low flow rates
under a complex environment in sintering kilns for new energy materials, an innovative YOLOFFM algorithm was
proposed. The core improvements include reconstructing the backbone network, enhancing the neck structure,
introducing an asymmetric compression decoupling head, and optimizing the loss function, which can significantly
improve the efficiency and detection performance of the algorithm. The results show that this YOLOFFM algorithm has
accuracy up to 99.15% and a recall rate of 98.69%, significantly reducing the number of model parameters and
computational costs. Compared with various advanced algorithm models, YOLOFFM can improve accuracy while
reducing the computational cost by more than 90%, fully demonstrating its high efficiency and reliability for new energy
materials in a complex environment of sintering kilns.
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Fig.6  Curves of loss, precision, recall, mAP,, and mAP ., ;o during training of YOLOv8n-Pose and YOLOFFM
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Table 3  Comparison of mainstream algorithms
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YOLOFFM 2.01 6.85 99.15 98.69  99.38 97.86

4 ZEiE

BEX B s A B R IR R AR R U A
O B AR BT TN 0 2 Bk R, BB R T
YOLOFFM 3%, i 33 % YOLOv8n-Pose #171R & 11
1k, YOLOFFM £ 8t 7 34 7 I AR R AE B BUR 2 |
P 2% 53 Z P v R IR AZ L | 1R A PRI LA B A 4%
ANV S ), HAZ O et A 4 J 4 1 R 2% 145
PSS 5 I ATEXTIR 2 f Rk AR AL B 2% R, 3
SER it S BT T R A RCR AR M RE . SCIR A R
W] YOLOFFM TE 45 4 B2 19 W] I, J i R4 1Y)
TR 325 7 P R Ak e | A B R R R e 45 s v
TR A SR T SRR & R
TEAL AT 2% 3 e TS A S0HE 25 8], YOLOFFM 7 %
TR BB TR T I OB SR I B AR ) 2R
ARG T ik — LR BN R A TS
Bt | DA a AR )2 U Tk W

22 Lk ( References) :

[1] TSAI M C, KO P J. On-line condition monitoring of servo motor drive
systems by HHT in Industry 4.0[ J]. Journal of the Chinese Institute
of Engineers, 2017,40(7) :572-584.

[2] GAOJW, XIE HT, ZUO L, et al. A robust pointer meter reading
recognition method for substation inspection robot [ C ]/ International
Conference on Robotics and Automation Sciences (ICRAS), 2017.
43-47.



136

[N

T

o545 %

[7]

[8]

[9]

[11]

[12]

LU S Y, ZHANG Y, SU J J. Mobile robot for power substation in-
spection; A survey [ J|. IEEE/CAA Journal of Automatica Sinica,
2017,4(4) :830-847.
BRI, X4 ATAR L, 5F. 3EF MaskR-CNN f)9 348 MU SR
PTFERIZE)]. TS ASMEEE, 2024(5) :76-82.
KANG Chaohai, LIU Yang, REN Weijian, et al. Research on MaskR-CNN-
based pointer instrument recognition method for oilfield wellsite [ J ].
Industrial Instrumentation & Automation, 2024(5) :76-82.
LIU Y L, CHEN H, SHEN C H, et al. ABCNet: Real-time scene
text spotting with Adaptive Bezier-Curve Network [ C /2020 IEEE/
CVF Conference on Computer Vision and Pattern Recognition
(CVPR), 2020:9806-9815.
HE P, ZUO L, ZHANG C, et al. A value recognition algorithm for
pointer meter based on improved Mask-RCNN[ C]//2019 9th Interna-
tional Conference on Information Science and Technology (ICIST),
2019:108-113.
ZHANG X, DANG X, LYU Q, et al. A Pointer meter recognition algo-
rithm based on deep learning[ C]//2020 3rd International Conference
on Advanced Electronic Materials, Computers and Software Engineer-
ing (AEMCSE) , 2020.283-287.
ZHOU D K, YANG Y, ZHU J, et al. Tilt correction method of pointer
meter based on deep learning[ J]. Journal of Computer-Aided Design &
Computer Graphics, 2020,32(12) :1976-1984.
LIU H, HUANG Z L, TIAN L, et al. Method for detecting and recog-
nizing pointer meter reading based on deep learning[ C]//Third Inter-
national Conference on Electronics and Communication; Network and
Computer Technology (ECNCT 2021). 2022.14.
XUREAE REFNT - R H L PODIRAR - TR K KA 4F. JET VCA-
UNet 194 H i 1 AR EOIT ()], SEREOR 514848,
2024(2) :36-43.
LIU Yubo, TUSONGJIANG Kari, YILIHAMU Yaermaimaiti, et al.
Automatic pointer instrument reading method based on VCA-UNet[ ] ].
Instrument Technique and Sensor, 2024(2) :36-43.
ZHANG K P, ZHANG Z P, LI Z F, et al. Joint face detection and
alignment using multitask cascaded convolutional networks[ J]. IEEE
Signal Processing Letters, 2016,23(10) :1499-1503.
MEE, PLHDHT , B, %5, B RetinaFace 5 2414 1456 # AU )
BELI]. ASEHLNL S HAE, 2024,41(8) :311-318.
LIN Xin, SHEN Jianxin, QIN Shun, et al. A keypoints detection al-

gorithm for complex components based on improved retinaface [ J].

[13]

[14]

[15]

[16]

[17]

[19]

[20]

[21]

Computer Applications and Software, 2024 ,41(8) :311-318.

T . B YOLOVSs-Pose 22 A2 A 1145 it AL A5 04
FLI. HEHRA SHRE, 2025,19(3) :682-692.

FU Yu, GAO Shuhui. Research on lightweight model of multi-person
pose estimation based on improved YOLOv8s-pose [ J]. Journal of
Frontiers of Computer Science and Technology, 2025,19(3) :682-692.
ZHANG Y, GUO Z Y, WU J Q, et al. Real-time vehicle detection
based on improved YOLO v5[ J]. Sustainability, 2022,14(19):
12274.

LICY, LILL, JIANG H L, et al. YOLOv6: A single-stage object
detection framework for industrial applications [ J]. arXiv preprint
arXiv, 2022:2209.02976.

WANG C, BOCHKOVSKIY A, LIAO H. YOLOv7: Trainable bag-of-
freebies sets new state-of-the-art for real-time object detectors| C]//
2023 IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition (CVPR), 2023.7464-7475.

WENG K H, CHU X X, XU X M, et al. EfficientRep: An efficient
Repvgg-style convnets with hardware-aware neural network design[J ].
arXiv, 2023:2302.00386.

FRYFYE, BB R 2RI, 5. BT IR 2 o) 1 B RS T4
LI LTS R, 2024,60(21) :18-37.

SU Yanyan, QIU Zhiliang, LI Guo, et al. Review on deep learning-
based 2D single-person pose estimation[ J]. Computer Engineering
and Applications, 2024,60(21) :18-37.

NEWELL A, YANG K Y, DENG J. Stacked hourglass networks for
human pose estimation[ C ]//Computer Vision; ECCV 2016, 2016.
483-499.

CHENG B, XIAO B, WANG ], et al. HigherHRNet: Scale-Aware
Representation Learning for Bottom-Up Human Pose Estimation[ C]//
2020 IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition (CVPR), 2020:5385-5394.

NEFF C, SHETH A, FURGURSON S, et al. EfficientHRNet[ J].
J Real-Time Image Proc, 2021,18;1037-1049.

SIAAR %5, %% L2, %. AT YOLOFFM #942 & JE M AT 45
ERFFREALRANFA[]]. 5% T4, 2025,45(4) :130-136.
HUANG Yong, LIU Yang, XIA Xing, et al. Visual recognition of float

flowmeter readings in sintering process of lithium-ion battery cathode

materials based on YOLOFFM [ J]. Mining and Metallurgical Engineering,
2025,45(4) :130-136.



