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Abstract: Object detection is a key technology for intelligent interpretation of remote sensing (RS) images. Existing object
detection methods were primarily designed for nadir-imaging satellite RS images. Additionally, their insufficient utilization of
imaging prior information makes them struggle to effectively address the significant object scale variations caused by UAV
oblique imaging. To address the demand for high-accuracy object detection under oblique imaging perspectives, an imaging
prior-driven super-resolution (IPSR) approach was proposed. An imaging distance model was established based on multiple
parameters including camera focal length, flight altitude, and pitch angle, enabling the estimation of imaging distances at
arbitrary positions in the image. Then, full-image adaptive SR reconstruction was performed based on distance estimation,
effectively mitigating intra-image scale disparities under oblique imaging perspectives. Experiments on the UAV multi-view
imaging dataset VSAI and satellite imagery dataset DOTA-v1.5 demonstrate that IPSR can be integrated with any mainstream
object detection model. It significantly enhances the detection accuracy of these models under oblique imaging conditions
(achieving gains of 6-7 mAP on VSAI and 3-4 mAP on DOTA-v1.5). Besides, it exhibits the versatility of the proposed method
across multiple scenarios.
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Fig.1 Overall structure of IPSR
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Fig.2 Imaging distance estimation model
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Fig.4 Scatter plot of object scale and ground sampling distance in DOTA-v1.5 dataset
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Tab.2 Comparison of IPSR and other data-level methods on multiple mainstream detectors
PHEHEPR(APS0) PRI (APT5)
Y
Baseline Bilinear SR IPBilinear IPSR | Baseline Bilinear SR IPBilinear IPSR
SV 78.4 84.5 85.4 84.8 86.0 48.1 58.7 58.8 58.5 59.3
R3Det Lv 51.5 58.0 58.2 574 58.9 304 37.9 38.3 375 41.3
mAP 65.0 71.2 71.8 71.1 724 39.3 48.3 485 48.0 50.3
SV 79.3 84.9 85.2 85.2 85.8 48.4 56.7 56.9 57.2 58.5
S2ANet LV 52.1 56.1 57.3 57.2 58.7 259 28.6 29.9 294 33.1
mAP 65.7 70.5 71.2 71.2 72.3 37.1 42.7 434 43.3 45.8
SV 79.7 80.4 80.4 80.4 85.9 58.9 61.1 66.3 61.1 67.1
Oriented RCNN LV 53.5 57.5 58.0 56.9 60.7 36.7 38.7 38.9 404 44.0
mAP 66.6 69.0 69.2 68.7 73.3 47.8 49.9 52.6 50.8 55.6
sV 79.8 80.4 80.5 80.6 80.3 58.8 60.4 60.9 60.9 66.2
Rol Transformer LV 55.1 55.9 56.8 57.9 60.8 37.6 354 404 43.0 441
mAP 67.5 68.1 68.7 69.2 70.6 48.2 47.9 50.6 52.0 55.1
sV 80.2 87.3 86.4 87.1 87.0 59.9 67.7 66.1 67.8 67.9
Tran;(())rlmeﬁ Lv 60.5 63.0 60.6 63.0 64.1 40.9 46.5 44.0 47.5 48.2
mAP 70.4 75.2 73.5 75.1 75.6 50.4 57.1 55.0 57.6 58.0
73 IPSR Fl Baseline 7£ DOTA V1.5 ¥4 4 AR I 45 3L Ll

Tab.3 Comparison of IPSR and baseline methods on multiple mainstream detectors in DOTAv1.5
Detectors PL BD BR GTF SV LV SH TC BC ST SBF RA HA SP HC CC mAP
Baseline|77.94 76.99 44.07 67.62 53.01 69.70 79.73 90.82 7222 7057 4561 71.19 5870 6353 35838 0.0 61.10
R3Det IPSR |80.69 79.03 47.34 70.84 6159 70.87 80.20 90.82 77.94 77.62 49.60 73.17 60.17 63.08 53.89 0.00 64.80
- |+275 +2.04 +327 +322 +858 +1.17 +0.46 +0.00 +573 +7.05 +399 +1.98 +1.47 -045 +18.01 +0.00 +3.70
Baseline|77.23 77.56 5249 7059 57.64 74.66 8425 90.88 76.95 7514 5538 7208 66.02 6346 4520 0.0l 64.97
S2Anet  IPSR |80.65 77.54 5320 73.40 65.10 78.15 8820 90.83 80.36 8345 59.24 72.19 66.52 66.07 62.99 0.0 68.62
- +342 002 +0.71 +2.81 +7.46 +3.49 +3.95 -0.05 +341 +8.31 +3.86 +0.11 +0.50 +2.61 +17.79 -0.01 +3.65
] Baseline|78.91 7845 53.82 7199 5248 76.28 87.42 90.77 77.86 6826 59.89 72.13 67.58 66.13 56.25 4.49 66.42
Oriented PSR |80.66 83.37 54.62 70.22 67.02 81.17 8841 90.74 8159 77.09 5833 73.70 67.57 6395 6831 6.13 69.56
RCNN - +1.75 +4.92 +0.80 -1.77 +14.54 +4.89 +0.99 -0.03 +3.73 +8.83 -1.56 +157 -0.01 -2.18 +12.06 +1.64 +3.14
Baseline|78.85 82.79 55.28 70.04 52.69 7655 8102 90.87 7842 69.30 62.77 73.84 7454 66.43 5543 10.72 67.47
Tranzz)lrmer IPSR |80.51 82.30 5571 7434 67.19 80.63 88.81 90.84 82.68 8280 6382 75.66 74.24 7167 6442 157 71.07
- +1.66 -0.49 +043 +4.30 +14.50 +4.08 +7.78 -0.03 +4.26 +13.50 +1.05 +1.82 -0.30 +5.24 +899 -9.15 +3.60
244 TR RAT4HM LR ILE EURR R EE R BN R = 1) E AR I 4

RNEHIERET IPSR H ARATIIAR R AN [ )R
BEBFREIE R, AL Rol Transformer 2
HERY, EFX VSAL ZE4E, s B s R
Fedse H ARG ET AP FI-FH 4 B2 (average
recall, AR). SEEK H A R VG FIRI 43 v = 4.
INRE(0-16 X 16 185 H LR (16X 16-128
X128 18 %) FIRRE (128X128 147 L ),

HEV B B NRE N 32X 32 8%, $38 0-16
X 16 1§ E LA H bR e Lo BE A s HAE 1 N
IEREAR 2) gt G RO R HARFEABEA 2
SUMHTEAESE R, XE 128X 128 1R EME AR
FE BIAE, B IR R BB KRS H RS 51

WE 4 iR, 2T IPSR f#) Rol Transformer
TERTA R B N 3 B B AL AP HERE, H AR
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0.2). WEFFTLIEH, HENREEHEN, &

# 4 IPSR 5 HABKHE KI5 B0 A [F] RO B br BAar IS B2 LA
Tab. 4 Comparison of IPSR and other data-level methods on object detection with different scales
STLTUSN ooy RS S — o L
4= | Baseline Bilinear SR  IPBilinear IPSR | Baseline Bilinear SR  IPBilinear IPSR
SV 16552 56.8 69.2 71.0 70.0 71.4 67.8 80.5 82.4 83.7 83.5
Small LV 137 4.4 3.6 11.0 144 16.5 18.3 21.9 234 29.2 34.3
mAP/mAR [ 16689 30.6 36.4 41.0 424 44.0 43.0 51.2 52.7 56.5 58.9
SV 48364 88.4 89.0 89.1 88.6 89.1 90.8 91.7 91.6 91.8 91.8
Normal LV 1727 56.7 60.9 61.9 61.1 62.7 69.4 70.3 725 72.7 73.3
mAP/mMAR [ 50091 72.6 75.0 75.5 74.9 75.9 80.1 81.0 82.1 82.2 82.6
SV 1252 90.8 90.4 90.8 90.8 90.8 92.7 90.4 91.7 95.7 95.5
Large LV 167 64.1 48.6 57.5 72.8 75.9 79.0 61.1 71.9 80.2 84.4
mAP/mAR| 1419 715 69.5 74.2 82.8 83.3 85.8 75.8 81.8 88.0 90.0

K8 DOTA-vL.5 F AL %2 B AR RE A Axf b (IPSR SLHERTf& )

Fig.8 Comparison of scale distribution of multi categories in DOTA-v1.5 dataset (before and after IPSR implementation)
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SV #2714 13 AP 1 14 AR, 3= B[R Ay 40 s
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TER RV N, TR A8 56 56 5K 30 1) 7 72

(Bilinear 11 SR LV ¥l 4% £ (T Baseline,
X TR TR (4T U2 B /N T
KHE PRI RS, T3 T idg S 56 3R 3h ) 7542

(IPBilinear F1 IPSR) it A Fh#EF Hbri&Ehc
R, HikREE T Baseline TG U4 565
IXEN 77 (Bilinear F1 SR) . 78 #HLR B 71 [
W, SOk, N ERRESAT A

ULFC X 8] .

BT EAER 7% (SR AIPSR) 7E AP
AR F5F5 EIIE T MEEE 7 (Bilinear
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ANTLANT , ASAST I AR 2R S BT L ) 30 M PR RRAAE o
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Fig.9 Visual comparison of detection results of different data level methods in distant scenes
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Fig.10. Visual comparison of the detection results and heatmaps between the Baseline and IPSR
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