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[ Abstract)] In intelligent coal mine construction, the real-time monitoring of underground personnel in coal mines is
important to ensure mine safety. However, several parameters are used for real-time monitoring, and commonly
used detection models often struggle to meet these requirements when deployed underground. Moreover, given the
complex environment of underground coal mines, issues such as missed or false detections frequently occur during
personnel detection. To address these issues, ‘this paper proposes a coal mine underground personnel detection
algorithm based on YOLOvVS8 that integrates attention mechanisms and lightweight networks. First, to address
deployment difficulties caused by excessive model parameters, the C2f module in the backbone network of the
original model is replaced with a reconstructed lightweight module called C2f RepGhost. Second, to enhance the
detection accuracy of the model; an EMA attention mechanism is incorporated into the backbone network. Third,
to strengthen the capability of the model to detect small-target personnel, the DyHead dynamic detection head is
introduced. Finally, the-original loss function is replaced with Inner-CloU to optimize the target localization
accuracy. Comparative experiments on the PASCAL VOC 2012 dataset and a self-built underground coal mine
dataset are conducted. The results demonstrate that, compared to the original model, the improved model achieves
a 1.3 percentage point increase in precision and a 1.2 percentage point increase in recall on the PASCAL VOC 2012
dataset. On the self-built dataset, the improved model reduces the parameters by 29.6% compared to the original
model, and the precision and recall reach 95.3% and 90%, respectively, which are 2.4 and 3.5 percentage points,
higher than those of the original model, respectively. The improved model not only reduces the number of
parameters but also mitigates the issues of missed and false detections in the original model, meeting the practical
requirements for personnel detection in underground coal mines.
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Table 2 Ablation experiment results
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Baseline . 929 0. 865 0. 937 8.1 3. 00
1 N . 924 0. 859 0. 928 6.9 2.52
2 N . 947 0. 878 0.943 8.3 3.02
3 N/ . 942 0. 886 0. 949 7.8 2.51
4 N . 933 0. 870 0. 939 8.1 3. 00
5 N N . 941 0. 876 0. 947 7.0 2. 60
6 N </ . 939 0. 887 0. 955 6.7 2.09
7 N ~4 N . 952 0. 893 0. 954 6.8 2.11
8 N . N N 0.953 0. 900 0. 957 6.8 2.11

FH2% 2 AL ARSI 1 rp AESRMERR g | A C21
RepGhost & BAIS R/ T 16. 020, FERURG 1R
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R [ T s AE S5 2 L S EMA R TS
PR HRIET T L8 B AIRIEA T 1.3 H
A3 BRSO T 0. 7% A5 AR T IS R
K (R0 s 7RS40 3 v, 2R FH DyHead 2546 B i AR A
RSk 5 ARG R4 T T 1.3 E 4 A R
FT 2.1 Hor L SRR T 16, 3%, A IR
THJH DyHead 7 8028 fif T AL ALY/ H AR A 51 T
KTt o0 s FESESS 4 . SR H Inner-CloU ik s  #52
TURS BRI E [R5 JIHE T T 0.4 F10. 5 H 40 1
seas 5o a5 A C2f_RepGhost 1 EMA {5 /7,

BERURSH R T T 1L 2 Ao, ARREA T L1 H
G AR G TERAIR S G DL N #2717 R
(P fEs 76 S5 5% 6, [A] B 5] A C2f_RepGhost Fil
DyHead , IEROREBZRIE T T 1. 0 [ 5055, 1 [l R LT
T 2.2 HA R SEEREILT 30. 300 5L 7 L5
AT C2f_RepGhost . EMA Fil DyHead , 15 YA 1 26 42
THT 2.3 A5 BIRRIETHT 2.8 Hor AL RS
Btk > T 29, 7%, 45 4 ffi 1] C2f_RepGhost, EMA
{7 1M DyHead RISk » F Bl 5 | AR R
W 7ESLE 8 L [R5 A C2f_RepGhost . EMA 7§
711 DyHead #5003k . 1 2iCaE 5 2 R 500, B 7R0HS B
I T 2.4 Ao, BT T 3.5 B
mAP@O0. 5 #8277 2.0 H ot BHE R T 29. 7%,
AROVH T B SRR B PR, th LR A T
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Fig.9 Comparison of experimental results between the model in this paper and the benchmark model

2 FTIR AR SCHE I S B R TR S T R
ZeYyserh R g 148 T YOLOvSn A, I 2 3
57X /N BAR A DI RTINRE T . AR SO ) SE PRk
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W EHE BT E s,

3.3 IttbsEme

ASCIEE YOLOvSn A/FE Ry JE R AY, 76 A &
Bodm 4 LX) 5 Bl A [ A9 28 B EL AR YOLOvSn,
YOLOv5s, YOLOv7-tiny™” | Faster R-CNNM |
YOLOv8n #4712 s Xt Fb A Br S 56 25 5, LAUE B A
SO IR PRI A BRI, SEER 25 Rk 3 R,

2% 3 SCHa s ] AT, FEXT LAY 5 A4 BT A
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Table 3 Experimental results of common detection models

Model Precision Recall GFLOPs  Param/10°
YOLOv5n 0.918 0. 857 4.1 1.76
YOLOVS5s 0. 924 0. 861 15.9 7.02

YOLOv7-tiny™?) 0. 923 0. 864 13.2 6. 00
Faster R-CNN) 0. 916 0. 837 63.9 37. 80
YOLOv8n 0.929 0. 865 8.1 3.00

T YOLOV5n, YOLOvS5s, YOLOv7-tiny 25 YOLO
ZH AR, H YOLOvSn 1S5 ) 4
W T ER R R . IS H T A GO
o B IURSS 7Y ) A 00 S8 AR Y 1 R L 25 o BT
YOLOv8n BERIFEA SCEARAE I R I 255 P i
Moo B AR YOLOVSn /5 FEMERAY, 75 11
SEhl A TR

Sk ik — A5 B0 UE AR SCASE AR (1% v M AT AT
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W5 A SRR FIAT = AR T A B3 ARG 0 A 289 L Je
Al 450 355 S5 BT s A 0 AR Y 3E A7 X L 4 M T AR
IANTEEESE PASCAL VOC 2012 FI H &85 I F
s L HEAT SCR R TE, SCER A R AN 4. 5 Y
I (R S 7R I PP 4% B AT Oy HE S . R 3R 4 AT,
7 PASCAL VOC 2012 $ ¥ 4E -, 7 SCHS R ) ks
DUDAE B R R0 3 [l 43 0 3K 21 T 92, 70671 89. 1%,
F T AR R B4 T 13 1. 2 H 4y, B
SRAR BRI TE PASCAL VOC 2012 $i#is % b ik
RS # 2% T4 % RT-DETR+ EMO-+ LEHE+

DIoU., {H A SCAE AU HA M i L, R 0l 2 B AU Y 2
B b, F LA RT-DETR + EMO -+ LEHE +
DIoU, ZEG 4B A SCRE Y B B 1A 14 g 2248 F 3L
AR E A SO AR B A 8 iz At . g S
AN TE AR I N GRS I s £ b A SRR
TR (ARG DA B 22 R 3 [ 3 A A i R AR 4 ) 2 T T
2.4 F 3.5 FAr S LIRE] T 95. 3% H1 90. 0%, MEfE
DT At A5E 78 L T3 6% S JisT Ao 0 4 F58 RS T e 11
BRI T WA A Y 0 R BT T N
oz I ) S Bt oK

%4 PASCAL VOC 2012 17 A$#R# | SERIH 3 L 045 8
Table 4 Comparative experimental results of various models on the PASCAL VOC 2012 pedestrian dataset

Model Year Precision Recall mAP@0.5 = GFLOPs  Param/10°
YOLOv5s+GhostNet+ECA+DWConvH” 2022 0. 908 0. 879 0. 890 9.4 4,19
YOLOv5s+CBAM—+ShuffleNet V2L 2023 0.918 0. 882 0. 886 8.0 3.83
YOLOv5s+PP-LCNet+ ShuffleNet™ 2023 0.916 0. 884 0. 890 8.1 3.82
YOLOv7+ ACmix+ ShuffleNet V25" 2024 0.921 0.880 0. 881 8.7 4,55
RT-DETR+EMO~+LEHE+DIoU™ 2024 0. 929 0, 886 0. 894 16. 4 6.43
EFSSD-MV2- 2024 0. 890 0. 875 0. 879 7.1 2.36
YOLOv8n(Baseline) 2023 0.914 0.879 0. 887 8.1 3. 00
Ours — 0. 927 0. 891 0. 896 6.8 2.11

xS BEEVHTHESE LSRN EEIEER

Table 5 Comparative experimental results of various models on self-built coal mine underground dataset

Model Year Precision Recall mAP@O0. 5 GFLOPs Param/10°
YOLOv5s+ GhostNet+ECA-+DWConv!*” 2022 0. 931 0. 872 0. 937 9.4 4.19
YOLOv5s+CBAM-+ ShuffleNet V2™ 2023 0. 941 0. 850 0. 927 8.0 3.83
YOLOv5s+PP-LCNet+ ShuffleNet!®) 2023 0. 942 0. 862 0.933 8.1 3.82
YOLOv7 + ACmix+ShuffleNet V219! 2024 0. 936 0. 865 0.917 8.7 4. 55
RT-DETR-+EMO-+LEHE+DIoU™! 2024 0. 946 0. 883 0. 947 16. 4 6.43
EFSSD-MVv2t# 2024 0. 932 0. 869 0. 938 7.1 2.36
YOLOv8n(Baseline) 2023 0. 929 0. 865 0.937 8.1 3.00
Ours — 0.953 0. 900 0. 957 6.8 2. 11

SRR TR AR SCRSE AR A RS 0 A5 R 7R O T s
A5 FIEE 4 B 5 R R X 45 5 H A AG T A SR
AT, SR NE 10 Frn. FE55 1 3K A
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R 4 H A, 5 S AR SO A AT DL VE A 4G I+ T A
Hin. 5 2 91K F H, f£7E /N B n A 5L,
YOLOv5s-+ CBAM + ShuffleNetV2 F1 YOLOv5s +
GhostNet+ECA+DWConv 43 5 i 3 T 1= 4 1 s
Ko AL o AR SRS B DA I i 1/ H AR A B HLoR
IR I L 7853 BERH AR SCREHIEE 98 1/ H AR
NRBKEIGEE S, 2256 3 5 v, A B Hs =z [l

FEAETZ B M P IS, 1 AR SCRE AL AT YOLOvSs +
GhostNet+ECA+ DWConv A 2K i 1 7 5k 28 4
Hbr, Hfl 3 A FE 8L X 1 BT U 4G A0 1 L.
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ShuffleNet BRUKG I 4 T A H ki (HA B AL ¢
S IIORG 17 55 4 3 LA AR 35 BT T A AR A
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Syt v A ARG T 355 SR AR A o AR RY O -, RE A AT 3L
% it S o S G ) B P A R SR ARG O s 5 Y T R
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Fig.10 Experimental results of various models on the self-built coal mine underground dataset
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