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Rotated object detection using low-altitude UA Vs for open-pit mines with
adaptive fine-tuning
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Abstract: To achieve full-scene real-time visual perception for open-pit mines in low-altitude three-
dimensional transportation systems, an adaptive fine-tuning detection method (AFTDet) was proposed
for unmanned aerial vehicle (UAV) -based rotated object detection. To address the significant pose
variation of mining vehicles observed from UAV perspectives, an adaptive spatial regression loss function

was designed to optimize angle learning and improve the rotated bounding box regression accuracy for high-
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aspect-ratio targets. A fine-tuned non-maximum suppression algorithm was proposed to leverage spatial

information from overlapping detection boxes and enhance prediction accuracy through weighted fusion of

localization parameter differences. The open-pit mine rotated object detection dataset (MineR) was

constructed, comprising 4 540 rotated annotated samples covering passenger vehicles, small excavators,
loaders, and dump trucks. AFTDet was validated on both the public remote sensing dataset DOTAv1. O
and the self-built MineR dataset. The results demonstrate that AFTDet achieves 78.61% AP, and
55.45% AP, on DOTAvVI. 0, representing improvements of 0.47% and 1.80% respectively over the
baseline model RTMDet-R-m. On the MineR dataset, it achieves 76.25% AP., and 44.38% AP,.,
with improvements of 1.06% and 3.62% over the baseline. Ablation studies indicate that the adaptive

label assignment strategy improves AP, by 0.99% and AP, by 2.50%, while the fine-tuned non-

maximum suppression further improves AP,; by 1.09%. The detection speed reaches 50.5 frames+s ™~

1

with parameters maintained at 2.467X10". The adaptive fine-tuning detection method significantly

enhances pose estimation performance for rotated objects, particularly improving the detection recall of

large-aspect-ratio mining vehicles, providing effective technical support for UAV visual perception in low-

altitude three-dimensional transportation systems while maintaining real-time detection capabilities. In

addition, it promotes the development of intelligent monitoring and scheduling systems for open-pit mines.
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Table 2 Spatial regression value of the detection frame in Fig. 2
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Fig. 2 Example of the label assignment process
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Table 3 Ablation study results on the MineR dataset
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Table 4 Influence of the algorithm on the detection speed

GRIR: Bt FEIR /ms
RTMDet-R-m 19.2
AFTDet 19.8
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Table 5 Comparison of the effects of FTNMS and NMS at
different IoU thresholds

o Ji kb B TR %
kg )
Fk APy, AP, AP, APy,
NMS 75.45 | 64.20 | 42.83 14.16
RTMDet-R-m
FTNMS | 75.52 | 64.54 | 43.30 | 14.71

K 6JER T ADPreg % 2% 2 5| 41 [l F (1) 52 0, LA
R LB/ A R R 28 5 A TR AN TR R AR
M, ST /N A2 B AL R 48 2 2 Bl R AR L 20
A I R R T B T ADPreg A 2. 19
R B I B R AR Mine R 86 4E 1 IRCR: , B 9Ca)~
(d) 2 RTMDet-R-m 9 & Il 25 5, ¥ 9(e) ~(h) 2h
ATFDet BRI 255 . Kl 25 5% a b c B FLEFEA
A RSN M2 T g Re [ g RFAEREAR
T A5 A6 0 25 2R d A2 R LR AS 1 3 FAE e B B A
G 235 S T v 30 FOHE X 25 4 BILRE A 1) 2 7 B T A

%6 ADPregxt & %3 B B E MR
Table 6 Effect of ADPreg on the recall rate of each category
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Table 8 Ablation study results of the algorithm on the
DOTAVI. 0 dataset

SRR FTNMS ADPreg | AP,/% | AP,/ %
X X 78. 24 54.47
RTMDet-R-m N X 78.29 54.86
X NG 78.60 55.13
AFTDet Nj N 78.61 55.45

harl

(0 repy @ KRy O) N,
E 10 DOTAvL. 0¥ 5 n] LAk i 5 x)
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