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Improved RT-DETR method for detecting unsafe behaviors of miners
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Abstract: To address the issues of low accuracy and poor robustness in existing behavior detection models caused by
complex underground backgrounds, large variations in miner behavior scales, and frequent occlusions, an improved
RT-DETR-based unsafe behavior detection method for miners is proposed. The proposed method constructs a backbone
network, CANet, featuring multi-path feature extraction and a dual-branch downsampling structure. By effectively
fusing deep and shallow features while preserving edge details, CANet enhances the model's ability to perceive fine-
grained behavior details in complex backgrounds. Meanwhile, a Diffusion-Aware Feature Pyramid Network (DAFPN)
is designed by integrating a dimension-aware selective integration module with a cross-layer diffusion strategy, forming
a two-stage fusion-diffusion mechanism to strengthen semantic interactions among multi-scale behavior features. This
design significantly improves the model’ s adaptability to diverse postures and large-scale variations. In addition, a
variable kernel convolution module (AKConv) is introduced, which dynamically adjusts sampling positions to enable
the network to focus adaptively on key behavior regions under occlusion, thereby enhancing the robustness of miner
behavior detection. Experimental results show that the improved RT-DETR model achieves 92. 9% mAP@ 0.5 and
66.1% mAP®@0.5:0.95, improving by 2. 9% and 1. 9% over the original model, while reducing parameters by 18%
and computational cost by 13%. Compared with mainstream detection algorithms such as Faster R-CNN, SSD,
YOLOv5m, YOLOv8m and YOLOv10m, the proposed model demonstrates superior overall performance, validating
its effectiveness and engineering applicability for unsafe behavior detection in complex coal mine environments.
Keywords: behavior detection; real-time detection transformer; re-parameterization; dimension-aware module; alterable
kernel convolutionacting
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Table 2 Results of ablation experiment
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Table 3 Comparative experimental results of different feature extraction modules

FoL mAP@0. 5 mAP@0. 5:0. 95 Params/M GFLOPs
ResNet18(basline) 90.0 64. 2 57.0 20.0
+ OREPA 89. 8 63. 4 42. 8 15.5
+DBB 89. 6 62.0 42. 8 15.5
+DRB 89.1 63.1 42.3 15.1
+Conv3XC(A 30) 90. 3 64. 2 42. 8 15.5
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Table 4 Comparative experimental results of different feature fusion modules

R mAP@0. 5 mAP@0. 5:0. 95 Params/M GFLOPs
CCFF(basline) 90.0 64. 2 57.0 20.0
+CSFCN 90. 7 63.2 65.5 21.1
+GoldYOLO 89.7 64. 8 60. 0 22.3
+MAFPN 90. 4 64.9 56. 3 22.9
+DAFPN(A ) 91.5 65.5 63. 4 21.7
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Table 5 Comparative experimental results of networks with different downsampling modules

LAY mAP@O0. 5 mAP@0. 5:0. 95 Params/M GFLOPs
Conv(baseline) 90. 0 64. 2 57.0 20.0
+HWD 89. 1 64. 6 55.7 19. 2
+ ContextG uidedDown 89.7 64. 8 60.0 22.3
+SRFD 89. 6 64. 8 55.0 19.6
4+ AKConv (A 30) 90. 8 64.8 55.5 19.1
4) AN [ HY X)L 55 56 B AT TR O T R B . AN, 5 S Y SR B F

T R A SCHEVE SO B A UM G E T
At T AR DA R R AT X EE L X LSS SR AN 6 s, S
F W IRT-DETR 768 . S8 HR T4 %5 24> Kk 4
Fr B ¥ R B, M8 T Faster R-CNN il SSD, IRT-
DETR & Wi fg4r L A&W 4%, 5 YOLO RAIHH t, K
mAP@ 0.5 4> #l % YOLOv5m, YOLOv8m, YOLOv10m
A YOLOvIIm $#HE T 8.5%.5.3%.6.4% A1 3.8%, R
5 RT-DETR-R34 B KS & 4238 .4 IRT-DETR % %

7% YOLO-EWS #1 YOLO-DCF #f [, A8 CE ¥ 78 mAP@
0.5 H5RCF BRI AHE T YOLO-EWS, A& XA FE
mAP@O. 5 fz = i [A] B 138 BB /N #HER F YOLO-DCF, 7
TR RS ECE A 04 T A SO BUR SR IS T B i
mAP@0. 5, #E—# 1, 5k AT %/ RT-DETR-MLD
AL, AR o o S AL R TR T, (AR BT
W, 28 LTk IRT-DETR 7 f 5 52 (0 7% W5 4L 19 R B, 52
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Table 6 Comparative experimental results of different models

i mAP@0. 5 mAP@0. 5:0. 95 Params/M GFLOPs
Faster-RCNN 79.3 42.8 136.8 369. 9
SSD 86. 4 52.9 24. 4 61.4
YOLOv5m 84. 4 55. 4 21.0 50. 3
YOLOv8m 87.6 58. 4 25.8 75.7
YOLOv10m 86.5 59.5 16.5 63.5
YOLOIlm 89.1 60. 4 20. 0 67.7
YOLOv8m-EWS™" 91. 2 60. 7 23.3 72.3
YOLOv8s-DCF* 91.8 62.9 17.1 48. 4
RTDETR-MLD™" 87.6 61.5 9.7 26.3
RT-DETR-R18 90. 0 64. 2 20. 0 57.0
RT-DETR-R34 90. 6 65.2 31.0 88.8
IRT-DETR 92.9 66. 1 16. 4 49.6
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Fig. 11  Comparison of target behavior detection results at different scales
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Fig. 12 Comparison of behavior detection results in complex backgrounds
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Fig. 13 Comparison of behavior detection results in a dust-disturbed environment
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Fig. 14 Comparison of behavior detection results under partial occlusion conditions

3 % it

!

FEXT BT I P AT B A A N B RE AR L

R B S A (), A8 SCAE RT-DETR BB Rl T 347
T RGN, iR 3T M4 CANet, HE 58 AR A
TR 2555 T X0 T OCHEAT o AR 1Y $2 ICRE ) s M &5 5
Ak FE RS YL 89 DAFPN $R1E gl & W 4% R 5 78 &2
RS BALT MR IR R 05 5 (5 B & 20 IR 51 A
AKConv N REERIHR, (558 G205 3 A BT HIE S 5L
B AL o DT BT X0 Y DX I b G B AT S RO R RE . Bl
HEJS R R AT O BodE AR B IS B 3 RE 4R T
mAP@ 0.5 Fl mAP @ 0. 5: 0. 95 43 i 5 ik i 55 A9 5 15
2.9%F 1. 9% , [ if 2 Hodd psi 2> 1806, 1HH i B AIK 13,
LT AR B SRR W E R A, EE R TSR,
IRT-DETR FEA R R #3242 T4 B Jmy 0 455 4510 T~ 44
I R A MM RE . ROk TAER 2 — PR R AL 1Y
Baft 5% AENLA, LS Z TR T E 4
W R ge i AR AL .
5% ik
(1] EEE AR, 8 SO%, 55, B Tl =107 & R

RS R B bR S B AR L. R B R, 2021,

49(9) :1-8.

WANG G F, REN SH H, PANG Y H, et al

Development achievements of China' s coal industry
13th  Five-Year Plan

implementation path of the “dual carbon” target[]].

Coal Science and Technology, 2021, 49(9):1-8.
(2] LSRN Bzl 5 RERT B RF gt

Gt Boek ST ], 2 B A2 4 2024, 34(9)

9-18.

WANG H J. Q1 QJ, LIANG Y T, et al. Statistical

analysis and counter measure of major accidents in coal

during  the period and

mines in China [J]. China Safety Science Journal,
2024, 34(9): 9-18.

(3] JRRPH.ROCLL A EK L 55 IRES I M T AL A%
AT R Tk gR R )] AL LR 5, 2024,
60(5) :30-46.
SUCH Y, WU W H, NIU H M, et al.

deep learning approaches for recognizing multiple

LJ.

Review of

unsafe behaviors of workers Computer

[4]

(5]

(6]

[7]

(8]

(9]

[10]

[11]

Engineering and Applications, 2024, 60(5): 30-46.
CAO X G, ZHANG CH Y, WANG P, et al. Unsafe
mining behavior identification method based on an
improved ST-GCNL]J . Sustainability,2023, 15(2): 1041.
TR 2R, B R 3 T RGHE YOLOVT Fi ByteTrack 1)
SRR OGR4 IR AILT ). T A gk,
2024,50(3) :82-91.

HAN K, L1 J ZH, TAO R Y. Recognition of unsafe
behaviors of key position personnel in coal mines based
on improved YOLOv7 and ByteTrack[J]. Journal of
Mine Automation, 2024, 50(3): 82-91.
FHETS BURIR LR LG A R A T S 1
P& BT B0 TAT AR BILT). T A 3h ik, 2024,
50(11) :34-42.

WANG J F, DUAN S Y. PAN H G, et al. Lightweight
pose  estimation  spatial-temporal  enhanced  graph
convolutional model for miner behavior recognition [ ] ].
Journal of Mine Automation, 2024, 50(11): 34-42,
R X FE TR 2T IR AN GUR % 217 iR
5 T RG], &R A0, 2023(3) 1 177-184.
LI W J, LIU X. Research on underground personnel
unsafe behavior identification and early warning system
based on deep learning [ J]. Metal Mine. 2023 (3):
177-184.

25 5 A BUHS AL BT AT M. JEF 3D-Attention 5 £ R
BB IE N AT S R I A vk L. A0 L T A R
2023,42(7):95-104.

L1 ZH L, QUAN J CH, JIN H M. Mine personnel
behavior recognition algorithm based on 3D-Attention
and multi-scale[ J]. Foreign Electronic Measurement
Technology. 2023, 42(7) . 95-104.

WANG ZH., LIU Y. YANG Y. et al. Dual-branch
deep learning architecture enabling miner behavior
recognition[ J . Multimedia Tools and Applications,
2024, 83(37): 84523-84538.

WANG Y, CHEN X Q, LIJ Q, et al. Convolutional
block
action recognition:
recognition[ J ]. Sensors, 2024, 24(14): 4557,
XIN F F, HE X Y, YAO CH X, et al

attention module multimodal feature-fusion

Enabling miner unsafe action

A real-time

« 223 -



519 % B F om % % K
detection for miner behavior via DYS-YOLOv8n model[J]. L] AL R 2 4. 2025, 46 (8) 1 266-285.
Journal of Real-Time Image Processing, 2024, 21(3): ZHANG Y H, XU X H. YIN H F. et al. MFSF-
92. DETR: A PCB defect and component detection

[12] EIFFHL. LM, w4 e, B TROEHEE A BLAT H algorithm based on multi-scale feature shift fusion[J].
B wrsEL)]. T A 3ifk,2025,51(1):21-30,144. Chinese Journal of Scientific Instrument, 2025, 46(8):
DONG F K, ZHAO M Q, HUANG W L. Research 266-285.
on mine worker behavior detection in low-light [20] ZEeHA. sk aile, B R4, %. S F kit RT-DETR 9k
underground coalmine environments [ ]J]. Journal of i KSR 3C B bR A kLT I R L 2025,
Mine Automation, 2025,51(1):21-30,144. 48(9) :56-64.

(18] MREEHN, 5t fLAET, 45 JET a2 55k 22 W 2% QIN L M, ZHANG Y Q, CUL H Y, et al. Improved
HIA T AL A7 k)], d E 2 2R 224, 2020, RT-DETR based method for traffic sign recognition in
30(3) :41-46. extreme weather [ ] ]. Electronic Measurement
WEN T X, WANG G T, KONG X B, et al Technology, 2025, 48(9): 56-64.

Identification of miners’ unsafe behaviors based on [21] BREE.ZEMKJHEFE. it RT-DETR B9/K T Hir
transfer learning and residual network [ J]. China KA [T ], ot 50 723k &, 2025,62(24) .
Safety Science Journal, 2020, 30(3): 41-46. 352-361.

[14] WANG ZH, LIU Y, DUAN S Y, et al. An efficient CHEN X X, LI SH L, ZHOU X L, Improved
detection of non-standard miner behavior using underwater object detection algorithm based on RT-
improved YOLOvS8 [ J]. Computers and Electrical DETR[J]. Laser & Optoelectronics Progress, 2025,
Engineering, 2023, 112: 109021. 62(24) :352-361.

(15] Bl Tand. 17 . 45, 22T YOLOVS W JIE T [22]  RAFHE. 08 55 .5 5. 45 JE T2 RT-DETR #4177

NG R g AR R S vk [T ], BE e B2 H0R L 2024, LT =% T R B R I O ek LD A B R 2024,
52(S2):267-283. 47(18):172-181.
CHEN W, JIANG ZH CH, TIAN Z J, et al. Unsafe XU Q X, ZENG Y, LU Q, et al. Surface defect
action detection algorithm of underground personnel in detection method for inner handle of car door based on
coal mine based on YOLOvS8[]J]. Coal Science and improved RT-DETR [ J]. Electronic Measurement
Technology, 2024, 52(S2) . 267-283. Technology, 2024, 47(18). 172-181.

[16] e, Bifl, M7 d, 4. T YOLOVS-ECW BT [23] Z#H =, 8L St RT-DETR 19 % 417 A &0 5
N GUAT Sy 92 A 00 53 2 [ 0. 47 ol B 2 2= i, 2025, L] AT IR, 2025,48(21) :148-156.
10(2):316-327. LIQ Y, WEI J. Improvement of the dense pedestrian
LUOJ J, CHEN W, TIAN Z J, et al. Real-time detection algorithm of RT-DETR [ ] ]. Electronic
detection algorithm for underground personnel Measurement Technology,2025,48(21) :148-156.
behavior based on YOLOv8-ECW [ J]. Journal of [24] WANGCY, YEHIH, MARKL H Y. YOLOV9:
Mining Science and Technology, 2025, 10 (2): Learning what you want to learn using programmable
316-327. gradient information [ CJ]. European Conference on

[17] ZHAO Y AN, LYU W Y, XU SH L, et al. DETRs Computer Vision. Cham: Springer Nature Switzerland,
beat yolos on real-time object detection[ C]. IEEE/ 2024 1-21.

CVF Conference on Computer Vision and Pattern [25] XU SH B, ZHENG SH CH, XU W H, et al. Hef-
Recognition, 2024: 16965-16974. net: Hierarchical context fusion network for infrared

(18] #MER . EH . Bk, Bk RT-DETR 9 XU 4 % small object detection [ C]. 2024 IEEE International
KA (T, TR 588 224k . 2025, 39 (4) . Conference on Multimedia and Expo(ICME). IEEE,
62-73. 2024, 1-6.
SUN G L, WANG X B. LI Y Q. Improved helmet [26] ZHANG X, SONG Y Z, SONG T T, et al. AKConv:
detection algorithm for two-wheeled vehicles of RT- Convolutional kernel with arbitrary sampled shapes
DETR[]J]. Journal of Electronic Measurement and and arbitrary number of parameters [ J]. ArXiv
Instrumentation, 2025, 39(4): 62-73. preprint arXiv:2311. 11587, 2023.

(197 Kk . F S, T4 Ig, %, MFSF-DETR. —fh % F [27] WAN CH. YU H Y, LI ZH Q, et al. Swift

Z RUE R R #% 0L @b & 19 PCB Bt B 5 Jo £ 16 T 5

224 -

parameter-free attention network for efficient super-



5k 4 % . %k RT-DETR & L R %A 47 A4 7 ik

G

[28]

[29]

[30]

resolution[ C]. IEEE/CVF Conference on Computer
Vision and Pattern Recognition, 2024 : 6246-6256.
YANG W J, ZHANG X H, MA B, et al. An open
dataset for intelligent recognition and classification of
abnormal condition in longwall mining[ J]. Scientific
Data, 2023, 10(1): 416.

FROETE R A, SRR LR E A U AT IR
BRI S LRIRT]. R B F R, 2023,51(2)
349-365.

CHENG D Q, QIAN J SH, GUO X G, et al
Reviewon key technologies of Al recognition for videos
incoal mine[ J]. Coal Science and Technology. 2023,
51(2):349-365.

Wifh . AR E AL 46 MU YOLOVSs BB JF R
T LAT AR T k)] T 7 TREEAR K2R (A A
BHERD 52025 ,44(3) 1 257-264.

CHEN W, MU H X, GUAN Y Y, et al. Improving
YOLOvS8s for
miners in coal mine[J]. Journal of Liaoning Technical

University(Natural Science), 2025, 44(3) . 257-264.

behavior detection of underground

[31] LINLH, YANGHD, XUQCH, et al. Research on

student classroom behavior detection based on the real-
time detection transformer algorithm [J]. Applied
Sciences, 2024, 14(14):6153.

fEZ & v

EL AN S € U n e S [ o 0 i 15l 7 =
HLALE .
E-mail : 757485672(@qq. com

FREERZ GH 5 1), LB o 2B, FEF R T 10 o L
A7 A
E-mail:1722739389@qq. com

Wrok 0o A, FEBEGE 5 19 S B AR KL Bt A
Livglll8
E-mail: 1296743227 @qq. com

SER WML, EEU R I H AR R B R
AHE,
E-mail: 2274396124@qq. com

FEEW ML BB R R, FERR T R
F T AR A5 5 e A
E-mail : wangyb998(@163. com

e 225



