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Methods for efficient identifying coal and gangue on mobile devices
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Abstract: An efficient and improved mobile terminal coal and gangue recognition method ( E-MobileNetv3) was proposed,
aiming at the problems such as high complexity of traditional lightweight convolutional neural network model, slow recognition
speed of mobile terminal, poor training and recognition effect on small sample data sets. The lightweight method of convolutional
neural network model was analyzed, and the MobileNetv3 network was improved from the three aspects of attention mechanism,
activation function and classification head. The spatial storage capacity, floating point operation number, inference time and
recognition accuracy of the improved network before and after quantization were analyzed by the model quantization compression
network deployment model on the mobile devices. The model was trained, deployed and tested in an experimental equipment for
coal and gangue recognition at mobile device. The results show that the improved network model converges after 20 times of
training, the convergence speed is fast, and the accuracy of training and verification is greater than 99% . After quantization and
compression, the storage capacity of the improved model is smaller, only 24.64% of that of the original network, and the complexity
of the model is greatly reduced. The inference time of mobile device is only 77 ms, and the recognition accuracy reaches 99.7% .
The identification effect of coal and gangue images collected in real time by the experimental device is good, which verifies the
reliability of the identification method.
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Fig.2 Experimental equipment for coal and gangue identification at mobile device
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Fig.4 Schematic diagram of depth separable convolution operation flow
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Fig.5 Efficient channeled attention model™’
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Tab.3 Storage capacity and number of floating point operations before and after model quantization

Fr it 4 i/ MB Fri#i 4 /MB
R TR FRUBHREK HARLE R BRI
BALRT BiLE HAGAT BIE
EfficientNet 27.20 7.01 14 268 215 ShuffleNetv2 8.39 2.20 14 786 161
MobileNetv2 8.47 2.21 4453 021 SqueezeNet 2.62 0.68 1 363 546
MobileNetv3 8.10 2.11 8 393 551 E-MobileNetv3 1.80 0.52 933 809

WIS S ERE , AR AE RS ol it (0 T BR T [R) R R MER R, B R AL RT | S5 A4 B A ]
FHRBIMERRINZR 4 i, HRATH, BREFEHMHZ N E MobileNetv2 . MobileNetv3 ., ShuffleNetv2 Fl
E-MobileNetv3 H7 ff) %% 2l it 3 A 0] 253/ F 250 ms , B S 19 E-MobileNetv3 W44 #6 B RT | J5 #E3
B TE] 34 /N F 100 ms , U5 BEARCAR, 16 L A8 sl M AT/ A 1R 1) 38 B 7% 5K ; EfficientNet 1 SqueezeNet %
B i A PR A8, HEFR A [A] T 2 500 ms, B AR SqueezeNet BEARIFFEA HA K (HEEEH K E
YRR FBERS Shui )RR B NS . £5 b, B IS 4% E-MobileNetv3 TR0 HEf 2R 5 = AT 3K 99. 7% , BB
AR 3 J2 S T 50 R ) R REAT PUBIH E R EESK

x4 RBENAT. FHEIE RN EFRA EHE

Tab.4 Inference time and identification accuracy before and after model quantization
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BALHT B’iLE BALHT BiLE
EfficientNet 9 832 3372 76.2 ShuffleNetv2 125 109 50.0
MobileNetv2 241 190 89.4 SqueezeNet 8332 2 631 98.6
MobileNetv3 105 98 63.1 E-MobileNetv3 88 77 99.7




%13 KB, 4 R SRR IR O R 69

3.4 BIFFAHE GRS
A FASEH R B, SER R AR A _ L BERET4 E18, 2288 sl UM BT A S | 3@ o B3 S /s B
WE A IR SE R TR SR AIHE T 18] o RS Shdm/BEAnAT £ i TRBI S5 R AN & 9 FroR o

:

(a)# (b)AFH

B9 BIMFRIAANER
Fig.9 Identification results of coal and gangue

4z

AICH4T TR EACE M A M B BRI B 7, JENERE L BSOS R 28k 3 4
JF A MobileNetv3 2 ATl , KRR b 45 O 4 RS S RO B, AMBFXT HL Bt 26 5
EfficientNet, MobileNetv2 . MobileNetv3 . ShuffleNetv2 . SqueezeNet £ %I &AL FT . J5 =S B A A,
FRIBEWE, EAET. SRS S A (R R R 18 B LU 4518

1) TG TE IR T I WLHINGR T 4% i A RO 28 I 4% 1853 1 ) P i B 3 L, B T A 28 1 1R 1) e
%, Mobilenetv3 48T BB E F/IVEE AR BHE 5 , 258 BUR BY I ZRi i 30055 70 2k 6 B
AL IR RY 52 2% B, T L4 38 BUAR BU YNGR AN WS BI B Ja N 48 280t 20 IR 11 25 , B R BN 8, 7
FERR R, VN ABAERER R KT 99% o

2) MU E R A RS5OV A BN  NCH TR 4R 11 24. 64% | BIRL ST J B R R B2 °F B 5
R B A A1 L A R 77 ms, IR SIVERR AR 99. 7% , % F45 shuaT 40 B — & B I B

3) I R S g ke S SR AR R R BEAIAT A ER, &8 shm R BT AL B  E B s
A MRS 5 | IR BIBER A ], (RIS 84T, BoiE T IR0 B B AT S

22 3Lk ( References) :

[1]JMAD, DUANHY, LIU J F, et al. The role of gangue on the mitigation of mining-induced hazards and environmental
pollution; an experimental investigation[ J]. Science of the Total Environment, 2019, 664 436 —448.

(2] %484, HRR. SKT BRIRHL AR SR A[T]. MR, 2016(2) : 90 -92.

[3]SHAHBAZI B, S CHELGANI C. Modeling of fine coal flotation separation based on particle characteristics and hydrodynamic
conditions[ J]. International Journal of Coal Science and Technology, 2016, 3(4) : 429 —439.

[4]BAHRAMI A, GHORBANI Y, MIRMOHAMMADI M, et al. The beneficiation of tailing of coal preparation plant by
heavy-medium cyclone[ J]. International Journal of Coal Science and Technology, 2018, 5(3) ; 374 -384.

[S1&fEM, EIR, fhikeg, 5 ETYESERBATRERIG 2 2605E[T]. BRI, 2018, 50(8) : 137 - 140.

[6]DOUD Y, WU W Z, YANG J G, et al. Classification of coal and gangue under multiple surface conditions via machine
vision and relief-SVM[ J]. Powder Technology, 2019, 35(6) : 1024 —1028.



70 O kAR £29%

[7]HOU W. Identification of coal and gangue by feed-forward neural network based on data analysis[ J]. International Journal of
Coal Preparation and Utilization, 2019, 39(1) ; 33 -43.
[81#i&oR, BFH, £BAK, % MATE R LML Rk SMmA[T]. Br2EMR, 2020, 45(6): 2207 -
2216.
[9]LV Z Q, WANG WD, XU Z Q, et al. Fine-grained object detection method using attention mechanism and its application in
coal-gangue detection[ J]. Applied Soft Computing Journal, 2021, 113; 107891 - 107904.
(10 #BEAR, TKEE), BRFIRE. FTFIREEZ: S MBAT AR AR SEBT]. BrBZEAR, 2021, 49(12) : 202 -208.
[I]AERCSC, Ak, AR, 55 BREEAT Bl ierss[1]. Ta Ashfk, 2021, 47(11) : 119 - 125.
[12]LI G, TONG N, ZHANG Y, et al. Moving target detection classifier for airborne radar using squeezenet[ J]. Journal of
Physics; Conference Series, 2021, 1883(1): 012003 -012009.
[13]HAN S, LIU X Y, MAO H Z, et al. EIE; efficient inference engine on compressed deep neural network[J]. Computer
Architecture News, 2016, 44(3) ; 243 -254.
[14 ]850, F£T MobileNets )R Fel F R R AIBTFFE[T]. KRR, 2018, 24(9) : 11 -13,26.
[15]LIU J, WANG X. Early recognition of tomato gray leaf spot disease based on MobileNetv2-YOLOv3 model[ J]. Plant
Methods, 2020, 16(1): 1 -16.
[16]ABD E M, DAHOU A, ALSALEH N A, et al. Boosting COVID-19 image classification using MobileNetV3 and aquila
optimizer algorithm[J]. Entropy, 2021, 23(11). 1383.
[17]THACHAN SOPHANYOULY. #tF ShuffleNet i AfRAI[D]. Hisl: BiyT A2, 2019.
[I8]ZLLE, W], XM, & T %H ShuffleNet V2 B RMEYFHPHIRA[T]. Rl TRER, 2022,
38(11): 161 - 170.
[19]HU J, LI S, GANG S. Squeeze-and-excitation networks [ J ]. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2017, 42(8) ; 2011 —2023.
[20]QING Y, LIU W. Hyperspectral image classification based on multi-scale residual network with attention mechanism[ J].
Remote Sensing, 2021, 13(3): 335 -352.
[21]LANGER S. Analysis of the rate of convergence of fully connected deep neural network regression estimates with smooth
activation function[ J]. Journal of Multivariate Analysis, 2021, 182; 104695 — 104708.
(RERE NET)



