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Abstract: The coal port will produce dust in the process of unloading coal by the chute of the ship loader. In order to
solve the problem of dust detection, this paper proposes a method of coal dust detection based on deep learning
(YOLOv4-tiny). The improved YOLOv4-tiny network is used to train and test the dust data set of chute discharge.
Because the detection algorithm cannot get the dust concentration, this paper divides the dust into four categories
for detection, and finally counts the area of detection frames of the four categories of dust. After that, the dust con-
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centration is approximately judged through the weighted sum calculation of these data. The experimental results
show that the detection accuracy (AP) of four types of dust is 93.98%, 93.57%, 80.03% and 57.43%, the average
detection accuracy (mAP) is 81.27% (which is close to 83.38% of YOLOv4), and the detection speed (FPS) is 25.1
(which is higher than 13.4 of YOLOv4). The algorithm can balance the speed and accuracy of dust detection, and

can be used for real-time dust detection to improve the efficiency of suppressing coal dust generated by chute dis-

charge.

Keywords: coal dust detection; YOLOv4-tiny; deep learning; object detection
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Fig. 2 Network structure of YOLOv4-tiny backbone
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Fig. 3 The network structure of the improved YOLOv4-tiny algorithm
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i (momentum) 0.9
U %£iR (decay) 0.0005
I (saturation) 15
Bt (exposure) 1.5
i (hue) 0.1
e SRR (mosaic) 1
B3P 7 jitter) 0.3

U AN R (decay) A1 S BB 8l R - itter) 1T LA
MGG, ATFAE A I, S A (R A /N
MRCR, Ja3a it BE LA R A R 5w L AT
gt 7 A S A A DA BRSCR

TEVIZRad e, fR1F T Darknet HEZEFEALAYIILZE
H 75 HAE 1000 YGEAPRAF— A E AR R H
AR FYNZAE W] 25 1 P45 2% (loss) A 2475 2 (m AP)
BEAE EARUCB S I AR Al 2k
4.2.2 JHEEZK

A T SERes #5Ht , XRes f5ibe . SPP it . 4
fiEAlA PRN BEELL K YOLOv4 Sk i T SAM %5
(]34 B A AR RBTE 22 R b S SRy 2R AG I 1)
ROR, ASCECE LIRSS . T RS S AR R Y
BRI NGk, ARIRIRIMAAE B, B0 ekl
AR AEAMHi] NMS) F BT I HE 2K bR AL St — K H leaky
P PREK L greedynms 1 CIOU 7% pRi %k, JFiE+£E mAP
E A RDIT3R (FPS)(E A A b5 .

A mAP ZHTHR LI WA AR
i, B2 B s RA IE——IEf (positive) Fl it
f(negative):

TP(True positives , A5 N Tre): $% M Pascal
VOC2007 FHAARIE, 42 00 BUNAE 5 B SRR 52
I HL(IOU) KR T4 T 50%H, M PCRCIER, Al Hixk
AR Y 5

FP(False positives, fi]5 4 Fp): WA 10U {H/N T
0.5, B R 3] 7] — A~ ELIHE (GT) Y Z2 AR A IIAE (=
JEUE [F] — DIt 1 22, B B e e A I ATE
4 TP, % T (4924 FP, BIMERI N BYAIIHE IOU KT 0.5),
PR UC R4 15 5

FN(False negatives, fii5 A Fpn): 8 B4 R 2 ()
FLIHE AR 5

TN(True negatives, f&i5 4 Trv): Fa8% IEHKLIN A
TR Ef i 5

FE 128 (Precision/Py.)

= )
TTP + FFP
B Z (Recall/R)
—— @
TTP + FFN

ARG B2 (Average precision, AP),

KSR AN MIRTE S PR AR BRI 290, B
WKV, AP EMERNEGE TN TEEL, & L P-R
HhZe AL HAL . P-R BHZERILL precision Fil recall fE
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RGN AR 4t 2k

mAP(Mean average precision) B[l °-3%] AP {E, JEXT
LA MR AP {8, 5 HAREI (object
dection) HH i S ARG BE 948 PR bR T AIIMERG S, H
FRREINAA 0 o5 A b— BB R AR b2 R, PEAS B
FE ) H A8 & B3 (frame per second, FPS), HfI
FERP N AT LALE G Ao

THRSEIZE R LR 2, ZR63R 2 METTTT LUK
PRA X BRI mAP F1 FPS W MEFRIA A
R BE A, For SPP ARLHURIRRE R G PRN AEH%
BVENEE mAP HIRWIW AT, SERes HJ/MIEHER
FPS, YBEHRFFATA G I, BEAR P EIECEE 17kl
2454 SPP, PRN, SERes fil XRes PUFfSiH}, A5
KE R IAF) 81.27, BRI FPS {8 /N T ok ik =22 iy s
AL, EATSRA 25.1, B A A 2R S A Y 25K

R T 2D AR SO S ) 28 RGN R 1)
W, VA mAP D) K FPS(RFRBTF ROV A e A3 AR 1
Wrda bR, #AT TN 3 IR iR AR A I RE X LS5
Hrpr YOLOVA-tiny 48 (Y2 RS, AT HITH Rl 55 46
o B AT ] A B, YOLOvA4-tiny-spp  #%5 #U 7
YOLOvA4-tiny FBAUELAl AN SPP #idk, W MSALfY
ZHREG AR YOLOVA-tiny-new #5781 58 4 —34
X = H 5 —RKH Darknet IREEFTHESL, YIRS
—2} 30000, [fij SSD #EAUHEFE/E PadlePadle HE4E, Il
AL N 60000, Faster RCNN FEIZESE ))& Pytorch

TREESSTHRESR, YIZRAEUCH 30,

MSZEGEEF AT LA ) YOLOv4 BRI mAP {H %
T, 5% 83.27%, ASCIHET YOLOvA-tiny BCitk i) ) 45
#i# YOLOv4-tiny-new [ mAP {H 4 81.27%, HIKK:
DKS BEART YOLOv4, (HANEE Bl 251, & F
YOLOv4 [ 13.4, FRAFHUAEI 125 I Ao FE ekt
B, AT RA (5 1 S 3008 F SRR 2 P SRS . SSD
(1) FPS {H fi ey , (EAGHINAR B2 B AT T AR SCusk 330
A5 B Y42, Faster RCNN BEEIZE SLI0 vh e 30 K A2
AIRESZ KA Faster RCNN A5 TRANEK A B A Vi T 11
NG, HIES R/ —RREERR L B 11 58
AU AAIAS S mAP (AREEREITLIE, Hf
SSD L XS N PR AL bR 24 FR A “iterationx2000”, Faster
RCNN X J (B AL 5 44 FR A “iteration” H: B 124

“jterationx1000” .

4.3 SEIOHT

MFE 2 THRASEE P LUREL, fEJR YOLOvA-tiny
(AR T KSETR N SERes BB | XRes #5He | SPP ik
1 PRN £, AR ANRETE B — My AR I A5 39 g e
) AP fH, {HZATLATEARUESERT P A AT T A9 315 s
F-BIRE B (mAP) . ol 55 —20R5E —2mA2
MR EAEEE 1Pk BRRERAE O, T TRAAE A 2,
UM RE AR, WCHAG BEIR B 93.98%F11 93.57%; 55 —
SRR TR ERAG 2 B R DL S 80.08% A TG
JE AT LIRS b AT 48 KR 73 3 50T 2 2 i TV AT

A2 HeEk

Table 2 Data of ablation experiment
SPP  XRes SAM SERes PRN 5 128AP/% #523API% Hi335AP/% 5425 AP/% mMAP/% FPS
92.15 89.66 74.32 53.51 77.41 29.0
V 95.14 91.15 77.81 54.85 79.74 28.8
\ 93.80 89.43 75.47 52.63 77.83 27.9
J 93.62 90.09 74.13 53.40 77.81 28.5
\ 92.19 89.07 74.07 51.71 76.26 29.5
\ 93.69 91.24 76.50 55.48 79.23 28.7
y \ 94.99 91.13 77.26 55.14 79.63 27.3
J 94.78 91.08 77.17 55.24 79.57 28.2
V V J 94.40 90.13 78.58 56.16 79.82 28.0
N v 94.92 90.20 79.24 56.50 80.22 28.3
V V V 94.35 90.10 80.47 56.82 80.55 28.2
N v v 93.44 91.78 78.88 56.31 80.10 28.9
V V 93.98 93.57 80.08 57.43 81.27 25.1
V N \ N 95.04 89.87 81.25 57.92 81.02 239
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%3 sty

Table 3 Contrast experiments

Model FPS mAP/%
YOLOV4-tiny 29.0 77.41
YOLOvV4-tiny-SPP 28.8 79.74
YOLOv4 13.4 83.38
SSD 35.1 7717
Faster RCNN 11.6 76.42
YOLOv4-tiny-new 251 81.27

55 ARSI A TRBM/ME, /N BRI — E
FUBRAGIN 12 B ME A, AN i A R XA 2 B 7
FEFIERMIAIK, AR SCRE HASIRS FE B i 3 57.43%

ERHERAYRE, SAM =5 [IE B BRI SR R B
2, xR E A PEREBAT W] L AYCR o XRes Btk

B R, XHRINACR AN, (A S S e
YUHERCHT, PRy A Al B — & i3 25 . 14 12 27
FH Darknet PZSHEARYIZRAS SCRl ik 28 1 it Re rp 2R
BB AR AR 2, WA, PEBRAEEAR
30000 YKHTIEL

R T ER I R S A A I RSCRAR AR 2L
HERTA X, BEHC T — ek ] R 215X LA A, M
P13 FRaf LA B, JEUWY YOLOVA-tiny 53k A7 7E 4
WHIRRIING:, SSD BEA B A — DX I [w] i Uy
ZFP2R, 1M Faster RCNN FEAE7ERF AR A 2 XIS
MZEA BRI . YOLOvV4 43 BKG I45 5 B AR
BRSO SR A, RS SO AR A i 6T
AR R X S AT T HER TR, i DU A PR
BB R BV TAE, 1 EA IR T YOLOV4,
IS A HTA SRR .

1.0
0.8 1
0.6 |
o
E
0.4 |
—YOLOv4
——YOLOv4-tiny
024 ——YOLOv4-tiny-SPP
' ——YOLOv4-tiny-new
—S8SD
——Faster RCNN
0.0 ; T T ‘ . ‘ . : :
0 3 6 9 12 15 18 21 24 27 30
Iteration/Iterationx1000/Iterationx2000
B 11 AR mAP A& B
Fig. 11 Broken line chart of map value in dust detection
2.4 1 ——Avg loss
2.2 1
2.0 1
o 1.81
1]
Ke]
< 1.6
<
1.4 1
1.2 1
1.0 1
0 5 10 15 20 25 30
Batches/10°

H12 HriB

Fig. 12 The changing curve of average loss
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YOLOv4

YOLOv4-tiny

Faster RCNN SSD Ours

B 13 R m Rt E

Fig. 13 Comparison of dust detection effect

5 ZRIB

ASCEH BT — P T IR 2% > TR 5 R
RN i o S ZE SRR, SPP AER | RRERLG PRN
BEPAE LA rh BE A FEVER] . BRILZ SN, RS
SENet %24 Fll Xception M8 42 1Y) SERes B XRes
BB RETEAN [RIRR L |- 2 5 I 8 B AL A AR U PE R . X
SRS HUA SO T YOLOVA-tiny [¥ 45 R 7RG 3k
PUHUER AR P, FELRIESE PRI T, ARk
H R T LA 2R R AR

HUCHEJE ) YOLOVA-tiny 9 28 A5 U A L Ji ] 265 45
A, mAP {HEZ& T 3 NA A, 153 81.27%, H#
FE(FPS) Ny 25.1, ARAFHLNHE T Tl R 2L A6 1Y)
S S HER PRI EOR DR TR R T TR R DR
WA TSR, TR AR ARG
Rl TAERCRAR T (YIRS, ARG e sh T et F i)
TN

H T2 TR FE A 2 B 2 RS B3k R ARSI A T
Bk, JCEASCHIEOR AR, AR SO AT T 4

Gr, BRI TR AR S ) S by DA TR
GliE S NI RE S AN EE 7y N oalll)i P A SRR N
FIARR R AR . a2 A TR AR 1945 F A AR
B SNIEPALCIIE Y e ilva o N ER A R RACE S (ESE st 5° 4D
B0, s L BRA R AR A AR L

ARICHIEFE 478 R EVR R LB AR N A A AR 2 A
A — 7 TR AR ARSNGB 5 2t — PR T, AR
=P HITATAEZ AT O, O HORS BEAT LI
PIZEARAY T2, AT L5 IS AR S i P RE A —
AR I A BE SR R AR IR . TR A
P/ NARR R, R S —Tr,
AR AACHIAE A TR NS T IRGH 5, ARG
LN B A2 e BT IEATAEAR RN 2 Ve . Xl
7 1% ERMAE R A B TR, A [RIZE R 2R A FITA
AR REMIE ARk, EEAE IS, TP
BIFFEAR 5 oy Ak R A S P ST g PO W B T TR
WL TEARMBIFE AT, AT — P4 5 U
NG RVEAIREE, X 2R A AT, KR
JEE 27 2] SR AR DN S A 7
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Dust detection

Overview: In recent years, with the improvement of the public's environmental protection concept and the tightening
of environmental protection policies, how to effectively reduce or quickly suppress the dust generated in the production
process has become a problem that coal ports must face. It is the last link of the whole production link that the ship
loader unloads the coal to the cargo ship through the chute. In the front production link of the coal ports, various dust
suppression measures are adopted, such as wind proof and dust suppression nets, dry dust removal systems, and so on.
Although these measures effectively reduce the dust generation when the coal spills into the cabin, the dust suppression
measures in the early stage do not form a closed-loop control with the unloading link, and cannot automatically sup-
press the dust from the unloading link. Thus, the separate treatment of the unloading dust is still an important part of
the whole environmental protection operation. At present, the main measure to suppress this kind of dust in domestic
coal ports is watering. As the discharge dust only occurs occasionally, if the sprinkler dust removal device is always
turned on, it will lead to excessive watering, which will undoubtedly reduce the actual coal loading of cargo ships and
affect the economic benefits. If the dust removal device is manually controlled by workers on site, it is not conducive to
the construction of unmanned ports. Therefore, it is necessary to develop an automatic real-time detection method of
coal dust discharge. When the dust is detected, an early warning signal is sent to inform the dust suppression operation
to take corresponding measures. The improved deep convolution neural network (YOLOv4-tiny) is used to train and
test on the data set of dust, and then to learn its internal feature representation. The improvement measures include: a
SERes module is proposed to strengthen the information interaction between the detection algorithm network channels;
a XRes module is proposed to increase the depth and width of the algorithm network; a SPP module and a PRN module
are added to enhance the feature fusion ability of the algorithm. Because the detection algorithm cannot get the dust
concentration, this paper divides the dust into four categories for detection, and finally counts the total area of the de-
tection frame of the four categories of dust. After that, the dust concentration is approximately judged by weighting and
calculating these data. The experimental results show that the detection accuracy (AP) of four types of dust is 93.98%,
93.57%, 80.03% and 57.43%, the average detection accuracy (mAP) is 81.27% (which is close to 83.38% of YOLOv4),
and the detection speed (FPS) is 25.1 (which is higher than 13.4 of YOLOv4). The algorithm can balance the speed and
accuracy of dust detection, and can be used for real-time dust detection to improve the efficiency of suppressing coal
dust generated by chute discharge.

Li H B, Sun Y, Zhang W M, et al. The detection method for coal dust caused by chute discharge based on YOLOv4-tiny[J].
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