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Mine Personnel Detection Algorithm Based on Improved YOLOvV7
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Abstract Real-time detection of mine personnel is an essential part of the construction of intelligent mine. It
is of great significance for mine safety production to realize early warning and linkage control of dangerous areas
through video monitoring of underground personnel. At present, the visible light image recognition technology
needs to be improved for the identification of personnel in the dim environment of underground coal mine. Aiming
at the problems of more noise and image blur in the monitoring video caused by uneven illumination and serious
coal dust interference in the underground, this paper proposes an improved YOLOvV7 mine personnel detection
algorithm. Firstly, aiming at the problem of channel isolation caused by direct splicing of ELAN modules, a
complex scene detection method based on channel reorganization and feature attention is proposed. Secondly, since
the feature fusion results does not focus on the expected target and the model lacks targeted strategies to improve
the detection performance of small targets, an ACmix module is added to the neck multi-scale fusion network to
take into account both global and local features, which improves the detection ability of the algorithm for small
targets. Finally, efficient Intersection over Union (IOU) loss is introduced to improve the convergence speed of the
algorithm and reduce the difference between the height and width of the target frame and the prior frame to achieve
more accurate positioning. Through the verification of public pedestrian data sets and self-built mine personnel
detection data sets, it is shown that the detection accuracy of the proposed algorithm is 3.1% higher than that of the
YOLOvV7 model, reaching 89.4%; the recall rate is increased by 3.8% to 86.4%, and the speed is increased by
15.8% to 68.8 FPS, meeting the mine personnel real-time detection work requirements.
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YOLOv7 S0y g Bk, Al FH 7H mil S 56 R FF 55 56 ~F
SRR E TR, Rk A Rk 4
Jis o

YOLOVT M ET M 4G, MHEMETRE T
31%, HERFET 24%, EERA T 34.5%:;
R 2 By F N Swin Transformer FRERL 5,
RIS T 2.1%, BREEFEEF T 1.9%, EET
BT 12.0%; 7ERLEY 2 BEAE BRI ACmix i
Ji, FEERTT 1.4%, ARFREFT 3.9%, #HE
TBET 12.5%; ERER 2 (3L E,  Sodkdsk R
G, KEJVEALE, BEEEETT 3.8%, #ER
THT 1.5%: fEREA 2 () H il b [R] IF8 I0 Swin
Transformer £ 3 fl ACmix e, WERMERIRF T
57%, BAERPEFT 5.0%, HEFET 17.5%;
A SCHRVE SR 2 Mtk WM RIETF T 6.3%,
HE 2T T 6.4%, HEE TR T 13.8%; HILAT
B, R 2 B TER NI I BIN 2R
B SGE, RN SRS RE SR T E IR, A
Pl b 2 BN IneT, I N LRI 1 RESRAT T B
PIFRTE, T4 2% eR 5 A FAE T s B 2R i S5 [+
Iy /b 5 E AR E B S D (AR, R SR [l AT
ek, NTEETE T XSS H AR AR B . R
SCHEEAEL YOLOVT ik, WEMEIRTT T 3.1%,
B RSET T 3.8%, HERI T 158%. Z5 LAT
A, JE IV RS 6 0 IE TR AR 5 o ek 1 A Ak
PE, JE HARSCEVETE BT I A AR 4 4
JF 46 YOLOVT B33 A B E A3

N BB IR AR SCRVE Iz A e S 7N H



H3W

AR/NGR, 5. BT o0 YOLOVT oI A Sk i s 421

FrAS o7 T IER -, 3 MR SR H AR GT HEH%
A [0, 32x32], [32x32, 96x96], [96%96, 640x640] [X

IR s/ 3 SR ATIRAE, IR Geitha il
SERWIREEL, TERESRPRXT LLINER 5 P

x5 ATBEESRER

B YOLOvV7 AILEE
il e EEI=EaN - -
x el 7N pss X G N el
Precision 0.884 0.882 0.865 0.877 0.908 0.903 0.901 0.904
Caltech Pedestrian Detection Recall 0.849 0.846 0.837 0.844 0.890 0.870 0.874 0.878
mAP 0.873 0.875 0.847 0.865 0.884 0.882 0.880 0.882
Precision 0.814 0.810 0.788 0.804 0.856 0.853 0.850 0.853
INRIA Person Dataset Recall 0.850 0.844 0.829 0.841 0.864 0.865 0.860 0.863
mAP 0.803 0.813 0.775 0.797 0.852 0.852 0.846 0.850
Precision 0.879 0.869 0.853 0.867 0.895 0.894 0.893 0.894
SREA TP IYNIAL ol [EVE1TE S Recall 0.831 0.839 0.826 0.832 0.869 0.860 0.863 0.864
mAP 0.863 0.853 0.831 0.849 0.883 0.883 0.880 0.882

W E EA TR S 3 HBIE4E A+ YOLOVT
Bk S AR SCHE L ERESRRR, 91 YOLOVT Hik
/N E b R I i 380 BR SR T 0 R H E b PR R U
e, A SCREEER /N B bRA I 7 T i) ot A 5
EWBCER, 45T 3 MRS R PR RE 2 (Rl ZE B,
LTS B REE B A KR A SCEE AR YEREAE A
A £ 4 45 50 E 3 A F YOLOVT 5. 45 B
i, YOLOv7 BAIGESLEUG K. HARRIRI, (H
KR ARG 5, RS, ANEST

FHN FAR B DLRIREIN, 10 AR SO AT B
P et Je AGE T N S BRI, fE2 R
FEAAL. HbsEAE, F5E T JelRIZL HRoriE
445 I 5o R I 2R B 1A T YOLOVT 32
PR, ASCEERA Rz A 5/ B skl
P

N T B R A SRR AR, R
AL 2ET 4 B R EEEN ARG St
AR, SIS R lE 6 .

Ko Libdiaing R

B — 5K B Ao 52 B RO S I R
Faster-RCNN. SSD 1 YOLOv7 ¥ ! 9L IR 46 90 %,
WA S B 5] N Swin-Transformer & T4 &) &% 52 BF
BEAT I3, XTSI SOE B T R A AR IR
M 5k B o B AR TR S ™ E, Faster-
RCNN. YOLOv5 Al YOLOv7 % BliRf i &, H

1 YOLOV7 3L 7 A1 O, T A SC3 =&
i, 38T BARE S AR P R E, A
RO TR T W =K B R T W g F
H ¥r %% 7N, Faster-RCNN H Bl I #6314,  SSD.
YOLOvS F1 YOLOV7 R R 4, A SCH L NI 5
NAER IR, E2 RERMEGH B EHKE
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53 3%

51N ACmix A5 #5 Bl ) 4% 5 55 G 7 /N B ARFEAE,
FHe A N5 i N 1810 26 2 S N 2 (Rl o
2, WO TR RA . N 4 5KE H g
P H AR ERS TSN E, SSD. YOLOvVS H B K EL
AR, YOLOV7 HELRKIIE O, 1A SC AR A il R4 R
RUF, JFHAS EIOU M5 N T BARE S5 /65
REE P 8 P55 R s B R 254, A e A SR R . 25 |
Frid, ASCEVEAEI T 250 & AR B P RO R
U, 5407 R E SRR EEAR LR E A T IR
TR

3 HRIE

AR T — R YOLOVT BB 3 A R G
WS, 78 YOLOVT [t 1, {#H ShuffleNetV2
BEAFET, [F K TE shuffle block H 5] N\ Swin
Transformer 7 & /I ML, PR FE— & K5 B0 R B B&
TR & R 2 RERSGI B ZFKZE 5]
A ACmix BEEHS Bl N 48 5G1E /N BEARHRAE, $RFHAE
R0/ HARFORCIRE 775 51N EIOU #512%980/ H A%
AEE 2 560 ATE w5 5 5 5 () A, S B R noms vk 1
SENL.

FIF B AN SR E A £ 0] A S kAT
IOUE, Z5RRW, AR ZIE 89.4%, Al
HEIK 68.8 FPS, i & A G S Al (1) oKk
NI A PR A T R AT IRERE, X TR R
) B e AL TR i A R
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