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WERGPE S 25 A MR D T B AL AT Hodh RS B IR F1 A5 4 el I 42 T 25 SR T AR B AP,
AP50,AP75(AP50 /i ToU B{H A 0. 50 B 197 Y985 B s AP75 3RR ToU B{E A 0. 75 B (9348 B 45
T B T E A A A o DA PS8 R TR ToU 8B AR RS BE — 4 01 i 2 AR T 130K A . BT A X L AR B A
AR TE I 2 55 0 iR 2 43 25 1 T AT 52 30, DAORUE S SR 28 F- P 5 ] Lotk

AN TRVRE B A A AT 55 25 A PERE UL 1.t 38 1 1, Trans-Sal Det £5 % )8 B L A 1] %6 K&
F1 1320V EM 5 AR T HAB 789, 5 YOLOvVS-SGE i8I Lt . Trans-Sal Det #8745 1 F#2T7F 1. 1%,
BERET 1.2%, F1 1550327 £ 0. 890, Trans-Sal Det £ HI7E F1 1543 4 Query Det £ 81 i #2 T+
0. 5 %0 » P AR TIE A KRS B %) [ Bk EL A B 1 44 [l o8, 3 W 3 1k 5 | e Lo A R 2% 3 R 37 57 B A Ak s/ B
FRmp R AE S . 7EBK A MR I, Trans-Sal Det #5881 7E 3 3 4G I AE 42 o R AL 5% . APLAPS0,APT5 F8 bk =
FHA T, X UL R B AE S| A SRS 55 R B A S L B RE T A S Ak Sk R I g
Ea LTt
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Table 1 Overall performance of different models in oil well inspection tasks

L ET W% LiipEs AW  F1184  AP/%  AP50/% AP75/%
R50-FPN 0.684 0.919 0. 784 52. 941 89. 547 56.974

R50-C4 0.742 0. 875 0. 803 48.768 85. 785 51.982

R50-DC5 0.738 0.897 0. 810 50. 230 89. 469 48.969

Faster R-CNN

R101-FPN 0.724 0. 879 0.794 49,177 84.863 49.202

R101-C4 0.734 0.924 0.818 52.292 88.720 56.103

R101-DC5 0.764 0.928 0.838 50. 034 87.408 52.935

Cascade R-CNN R50-FPN 0.710 0. 890 0.792 51.111 88. 214 53.232
Mask R-CNN R50-FPN 0.688 0.920 0.792 51.587 87.948 53.497
SSD Darknet-53 0. 807 0.674 0.734 43.298 85.853 36.103
YOLOv3 VGG16 0.166 0. 267 0. 205 3.698 7.653 3.061
RetinaNet R50-FPN 0.693 0.903 0.787 49.765 88.276 50. 384
MS-BSNet — 0.823 0. 890 0. 855 55.628 98. 764 57.868
YOLOv8-SGE — 0. 850 0.910 0. 879 58.912 99. 224 60. 574
QueryDet Swin-Tiny 0. 856 0.917 0. 885 59. 231 99. 351 60. 812
Trans-Sal Det PVT-Tiny+ Tiny-U-Net 0.861 0.922 0. 890 59. 802 99. 631 61.428

T IE AL A S8R S0 00 25 5 0L 2% 2, i 26 2 AT, 0 OE DU AR ER 0 A R A RE LA K R L Y
A<<0. OSHY , 2 SR BE AN 2 L B 1l T 8 B E 5 SRS ;2 A>>0. 20 BF i E £l
B AR BRI R LA B R RE T 5 24 A=0. 10 B K JE . B B3R (F1 159 & AP $8 ik 2 &4k, B
AP50 il AP75 43l 942 F+ 0. 700 Fl 1. 806 . 3 B A A S50 1E V) 30 68 A5 2801 A5 1 5 0 4 i 1k S R AR B 5
JI TR TE 52 43 5 T B /IS E AR ARG I R 1
4.3 #EPRFTEAXEE

TE 2B RUAR P il AR R 455 . SML 3R Saliency Map 35 PEFEIREER ; TW %R Token-Level Weigh-
ting, A5 T W E VKA token MIALEEYE ; AB 3R/ Attention Bias, K i ZF LK 51 % T A7 B ) i & A
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ER /R~ Entropy Regularization, J T W 45 13 & 1 0 16 09 15 B 8 1E W 351 ; MS 78 Multi Scale Token
Branches £ N JE #4543 5 4549 ; GF %678 Gated Fusion, K T TH Rl G 19 22 KBS I 45 il A B
X2 BEVWNELSHBRUEIRER

Table 2 Sensitivity experiment results of entropy regularization weight 2 parameter

A LiFl: 3 PENCIE: S F1 134> AP50/ % AP75/%
OCTEIE ) 0. 842 0. 908 0.874 98. 921 59. 602
0.05 0. 853 0.915 0. 883 99.132 60. 144

0. 10U ) 0.861 0.922 0. 890 99. 631 61.428
0.15 0. 857 0.918 0. 887 99. 427 60. 982

0. 20 0. 848 0. 905 0.876 99.103 59. 731

Trans-Sal Det #5171 2544 £ A I @S2 0 25 SR WK 3. M 3Ca) AT LA Trans-Sal Det B8 (1) £ 41
RS HAE I R A 55 o B A W 1 1 e 4 T4 L R A b TR T B A Ao ) AR B B RN 1 5 ] 4 i Ak
Ao BRI ALY PR AR AR A AR SE B /MBS R (CTC B M 5 T B TS 29 A0 RS FE R 0. 801,
AN 0. 867, F1 4843 0. 832, B BAR T 52 B A A 11y,

KPR AIE Trans-Sal Det 15 41 & A5 He 0 A AU M BE 1Y 5T #k , XF 1 1085 B2 4 A5 T e 1 b 52 36 UL 18 (b)),
S T % A0 F BRI B OGB4 AT RSB S BR X AP FEAR UM . KR ZBR Trans-Sal Det #5275
P 2% D BRABE L L PP AT X 5 (A A I Mk R A ik 7 BTk . MRS R (SMAHTWO X 32 7/ B bR A 813 B A 30
YER S T B (AB) 515 BV E N (ERO A 03 38 B 1 /- i AR B ME S R, ZRE /L (MS) 5
I RLA (G RERE AR I A5 5t T W & FRARIRA 3,

0.90 — 100 25
L EGIES == AP50
0.87 | ™= F1#34} 90 | ™= APT5
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b E

BT
KRS EE/ %
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B 3 Trans-Sal Det # A 45 #) & % b F @k 5L Jo 45 R
Fig. 3 Ablation experiment results of each module in Trans-Sal Det model

4.4 TFHMLSH

AR [R) 0 2B 40 b X 6 455 AU R AT A A 0 S 3 A U 45 SR AT R Ak A ] 455 7Y A 4G I Ak R DL 4, 3
oL AL HE R IR K DU AE , SR AE R R ELSCHE .t IR 4 T LLE W ARV LR B bR R i AT 55 b (%) 38 3047 76 B
255 It R F bR HE AR B ME {5 B 7 1. Trans-Sal Det 58 i 46 042 55 B ST HE i JE T A, 8 ik 25
W/ B EERE B m . fEE 220 st HAn A 76 S WAE LT, Trans-Sal Det £5 R G848 08 55 38 = (9 &
DA 2 0 R G 0 B i e B B T AR AL 1Y

Mask R-CNN #52 BI7E — 2600 32 B A5 A6 %R R4, (H0E T2/ H A5 F A J5 98 S i REAS o 6 HE (19 34
A% it KT Trans-SalDet #R[Y , H 8 15 B 50 7 B AL s Faster R-CNN Fl Cascade R-CNN #5787 5
%5 E E b DRG0 R P A 230 v R T AE RN EC SEHE 22 (] Y ToU BXAIR, XE LAGA 3] AP75 19 B {H 25K . Trans-
Sal Det B & 2 R 25 42 /1N H bR 09 T 46 25, 6 I AE RE 0% T0KS o b X 5% H AR B B SCI0 & SRR . fE 2 0
T TRRRREM HREM R, M TRAE RSN MFEE LT UE B 5, Transformer
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Fig. 4 Comparison of detection performance across different models
Trans-Sal Det # R Zrid e b g0 thZe DLIAT 5. i 181 5 Al LU Hh L BE I ZR5e Uiy B8 m I 2R 2k
AR B L R WIS R0 ) B R AR TR O S 5, SR 6 AR VI 20 ST A7 AR 3 B I 26 1) 547 2 i AR
FE L RABRIAE G E4E E RN WA TF, Trans-Sal Det 5178 Y1 5 1 F2 rp 32 #8540 & s R 814
TE 2 2] 3ok A% v 3 357 A 5 5 T X BN E iz AR RE T PR RE SE AR E .
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Fig. 5 Training loss and validation loss curves of Trans-Sal Det model
4.5 HEESZESH
J AL Trans-Sal Det #5551 14 68 15 560% 10 - LB 45 B8 10 S 800 L 1T 030 o B Pl R 1Y) 1 B 4
BRI [A] AR AT 4 X L S BR S5 SR UL 3R 3. 3R 3 AT LA . Trans-Sal Det #5887 (R R5 55 = K B F1 F1 453
BRI AT B R 192, 7 X 10° R /s, 50 39. 8 X 10°, % YOLOvVS-SGE #E Bl &5 9. 9% H P fig
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Table 3 Experimental results of model complexity comparison

AR SRk /100 PEHE/(07 Wes™ D) - 289 4 P ] / (s« 5K 1)
Faster R-CNN 41.1 207.3 115
YOLOv3 61.9 155.4 72
RetinaNet 38.7 204.6 108
MS-BSNet 52.4 225.8 96
YOLOv8-SGE 36.2 187.5 68
Trans-Sal Det 39.8 192.7 74

4.6 FitBEZMHIIE

R EIE Trans-Sal Det BB REGE T A SE 1, X5 5 FBIAYHEAT 5 WAl 57 U 25 5 Wk 92 40 L e 4 = 2 4K
B 17 S48 5 Fr o 25 O 308 AR ME22) SR T BC R A6 56 1A% A5 80 i) i) Bk 35 M 22 5 . RS PR BB G i W 3
PE A R 4, B3 4 7T LIFEH, Trans-Sal Det #BIZEHE B H [BR M F1 185> 3 e £ ML, B
P B PE e /N (R 26<20. 005) , B AT B0 A2 8 1 S 08l — Bk . 5 HAB B RS (9 Pk g 22 = HoA Ge it W 3
.5 YOLOvS-SGE #iRI (1) 8 Z K p /T 0. 05, 5EG KM & (41 Faster R-CNN, Retina Net) i p
/INTF0.01, XEIE Trans-Sal Det BB & 32 PE 5| 2 5 & FE BB ALH  fEERE 3 T 1 B A S8 it ] S8 7k
HuEEMH,

F4 EBEEGTREMESTER

Table 4 Statistical significance analysis results of model performance

i il 3 FENCIES F1 134 »
Faster R-CNN 0.72440.013 0.879+0.010 0.794740.009 0. 01
RetinaNet 0.6934+0.017 0.9034+0.012 0.78740.014 <<0. 01
MS-BSNet 0.82340.008 0.890+0. 009 0.855+0.010 <0. 05
YOLOvV8-SGE 0. 85040. 006 0.9104+0. 007 0.87940.008 <20. 05

Trans-Sal Det 0.86140.005 0.92240. 004 0.89040. 005 —

4.7 SHIREBSW
K43 HT Trans-Sal Det #5856 I 15 22 288, 78 TLU-Oil Well MR8 G0 1A [a) 455 70 14 U 462 36 1A
R R (L 5), HE 5 7 LLE I, Trans-Sal Det #2813 A48 b5 A0 T H A AR (9, I 4 R 4%
YOLOv8-SGE BRI B REAR 1. 900, iRK R 2. 400 MAGRIRITEMRXS L BE 5 % 4 0139 X8R 5 kA T
K » Trans-Sal Det 55178 i 35 P4 o 9 M 5 0 i EL AL A T BE A5 0 =5 10 4 O mig 7 DX 3l 72 i H A € Ao
HEBA L, B8 UE Trans-Sal Det BB 7R 2% 15 5t BY& B 1L 15 4 1 fiE
RS5 AREMNBREBFEITER

Table S Statistics of error types for different models

(ki L2/ % B/ % SRR R/ %
Faster R-CNN 8.7 6.5 15.2
RetinaNet 7.9 6.8 14.7
MS-BSNet 6.1 5.4 11.5
YOLOvVS-SGE 5.4 4.8 10. 2
Trans-Sal Det 3.5 2.4 5.9
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Trans-Sal Det small object detection model based on saliency prior and pyramid transformation mechanism/
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Abstract: To address the difficulty of accurately detecting small oil well targets in oilfield remote sensing
images under complex surface environments and background interference, this paper proposes a Trans-
Sal Det small object detection model that integrates saliency priors with a pyramid transformation mech-
anism. A saliency generation module based on Tiny-U-Net is constructed to produce high-resolution sa-
liency maps, highlighting potential oil well regions while suppressing redundant background informa-
tion. The saliency maps are concatenated with the original remote sensing images at the channel level
and fed into a pyramid Transformer encoder. Through a multi-scale window self-attention mechanism,
cross-layer feature modeling is achieved, effectively integrating low-level detailed features with high-lev-
el semantic information. A cross-scale feature fusion strategy is introduced to enhance the model’s rep-
resentation capability for oil well targets of different scales. Comparative and ablation experiments are
conducted on typical oilfield remote sensing datasets to systematically validate the model performance.
The results demonstrate that Trans-Sal Det exhibits superior small object detection performance in com-
plex backgrounds, occlusion, and low-contrast scenarios, with significantly improved recall and detec-
tion accuracy compared to mainstream methods. The introduction of saliency priors effectively guides at-
tention to focus on key regions, enhancing the Transformer’s perception of small targets. The proposed
method provides an efficient and feasible technical approach for automated oilfield remote sensing detec-
tion and intelligent monitoring, with strong potential for practical applications.

Key words: saliency prior; pyramid transformation mechanism; cross-scale feature fusion; oil well de-

tection; dynamic saliency; Transformer; small object detection
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