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IF-DETR: Improved RT-DETR-based aerial image detection algorithm

Yang Yang Wei Weimin Zheng Shuqing Ma Kainan Zhang Jinyang
(Aritifical Intelligence Department, Shanghai University of Electricity Power, Shanghai 201306, China)

Abstract: Aiming at the problems in UAV aerial images, such as complex illumination interference, low resolution of
small targets with high susceptibility to missing detection and false detection and blurred target structures, a target
detection method for UAV aerial images based on improved RT-DETR is proposed, denoted as IF-DETR. Firstly, a
cross-stage illumination gating unit is designed in the backbone network, which enhances the model’s ability to extract
targets under complex illumination environments by modeling illumination and reflection components at the feature
level. Secondly. a multi-scale feature fusion structure for small targets is constructed in the neck network. effectively
improving the feature extraction and recognition capabilities for small targets. In addition, a Gaussian feature
enhancement module is proposed, which utilizes Gaussian prior and spatial attention mechanism to enhance target-
related structural information while suppressing background noise. Finally, a Focaler-Powerful-IoU loss function is
constructed to achieve more stable and accurate target localization. Experimental results show that compared with the
RT-DETR model, the improved IF-DETR algorithm on the Visdrone2019 dataset achieves improvements of 3.0% ,
2.3%, 3.9% and 2. 0% in mAP;, , mAP;, ,; » recall and precision respectively. It can effectively alleviate the problems
of missing detection and false detection in UAV aerial image detection, improve detection performance, and has broad
application prospects.

Keywords: RT-DETR;UAYV imagery;object detection;illumination aware;structural information enhancement
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Table 1 Setting table of experimental environment parameters
ZH WE
epochs 300
Batch 8
Imgsz 640
Workers 0
optimizer AdamW
LrO 0.000 1
Momentum 0.9
Weigh_decay 0.000 1

8] (recall, R) 3444 B (average precision, AP) 344
FEH){H (mean average precision, mAP) , & ¥ A% & T i ik
P 0T o K T T3k S 4 A A B E AT T — & B U b S
I, SEIRZEAANR 2 iR R BB SO R T EREY
BT, LR R, A CS-IGU B #: backbone
F i basicblock J& , BRI mAP;, A1 mAP;,..; 708 Eik T
1261 0.7 %, i 2 %t A 50 4 43 5 T B T 30. 3% il
17. 7% . 4R W T CSIGU 783 5 A T M g B AR A8 20 &2
ZBE M BUAE T . e A SO-CCFF #1 GFEM Ji5 ,
RIS R TR R A /N IR (H 2 AR mAP,
i R E R S T A 3 P A R @i S S i D)
N BB I E A BOR S A T A B A D B . RS R

3.2 HEhsEIR JIA Focaler-Powerful-ToU, ZEME R 2 8t 115 & .FPS #B
S SR FH LA $8 B 4 45 HE 5 2R (precision. P) . A EARARAPIE LT »mAP;, F1 mAP;,,,; &8 Lk T 0.9%.
x2 HBXE
Table 2 Ablation experiments
mAP;,/ mAP;, .o/ P/ R/ Param/ FPS/
RT-DETR CSIGU SO-CCFF GFEM LOSS , GFLOPs
% % % % (X10%) fps
J 47.6 29. 1 62.4  45.8 19. 8 57.0 79. 6
NG N 48. 6 29.8 63. 9 46. 6 13.8 46.9 72.2
NG N 48. 8 30. 1 63.5 48.0 20. 3 63. 0 71. 6
N J 48.7 30. 1 63.8  47.2 22.6 68.6 69.7
J J 48.5 30.0 61.7  47.3 19. 8 57.0 76.7
J J J 50. 2 31. 1 63.8  48.3 16. 6 58.5 67.9
J J J 49.9 31.0 63.9 48.5 13.8 46.9 71.6
NG N N 49. 8 30. 8 64. 0 47.7 20. 3 63.0 68. 6
NG N N 49.1 30. 6 63.2 47.1 22.6 68. 6 66. 4
N N N N 50. 3 311 63.9 48.7 17.1 64.5 64.8
N N N/ N N 50. 6 31.4 64.4  49.7 17.1 64.5 63.9

B AT 4 B SR B AE BOA5 S EAT 4R A M ek
e AR T IR 89 RT-DETR 3 i 4 7%Y , FT b gt 14 ol kA
RURENE 7247 Bl A A b OCaE SR e B AR B, HERA 2R A [l R
AHEE T 3 AE B R Ay S $2 T+ T 2. 0% 1 3. 9%, mAP,, Al
mAP..; SMRTE T 3% 2.3% ., M IR 45 R A WL IF-
DETR #C3E 5 W 1 A 2801k
3.3 xfhbsxme

TRl 8 B R SE IF-DETR A 8, 9 TIHE AR R
WGBSR S HEPE % IF-DETR 5 5 4h 2 3 3 47 S0 50 1
. 7€ VisDrone2019 3484 I, & F 41 R I 2 3R 5% LA [R]
BRI BRI R S8, RRE 3R
1 FasterRCNN™ | YOLOv8™ , YOLOv11®"” il YOLOv12™*
I F LM S 8 5 B K Y Deformable DETR™™ |
RTDETR-R34 Lk K [d] 4 88 £ B UAV-DETR"" . SO-
DETR"™#FT T —RINEA R L, SR g sk 3.4 fr
T s DKL 43 R i 2 AR B A SRk b i e AR AH
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Wit 3 IS Y, IF-DETR f£ VisDrone 5048 % I
ZAMRRER. mAP, BB T 50. 6% . BETHMAESSIL
B YOLO R LI K /] 44 4 T RT-DETR 19 i
BERL, BUAh AR SCORTL IR B T B i 63. 2 Vo Y v B R R B
49. 70 A3 |1 ps /b I A B T REME . (R TR B R =R
B AR AR SOOI AE AR T AR X TR AL AL BT
F. FECFPS AT B, A SO S 0 D AR S
PN BE Y i 35 3R T, O ELBe 0% W R S0 i P 9 0K, R AR
eI,

i 4 AT LU I TF-DETR BAR 1 F 4 (truck) 1
2% (van) /A 28 4 (bus) L3 FH 2 = %2 4 (awning-tricycle)
AR Ak AE B bt € o R B PR T R
R[] A AE R R 22 114 G B R A VR 2 Cear) G TIRS B2 I
5. TEF7 A (pedestrian) . A (people) . H 47 % (bicycle) . =
7 (tricycle) JEFL A (motor) 3X 5 AN BEAR 3 /N W 1R Bk ik
A2 S A AT 55 24 P R BLAL & L [ PR R EAS T i
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Table 3 Comparision experiments of different modules on the VisDrone2019-DET-Val dataset

A mAP;, /%  mAP;,../ % P/% R/ % Param/( X 10%) GFLOPs FPS/Ips
Faster R-CNN 33.3 17.1 13.6 35.7 41.3 206. 4 15. 4
YOLOv8n 35.2 20.5 46. 1 34.9 3.0 8.1 183.2
YOLOv8s 40.1 24.0 52.8 39.0 1.1 28.5 118. 3
YOLOv8m 44.0 26.9 56. 0 12.5 25. 8 78.7 82. 4
YOLOvl1n 34.9 20. 4 44. 8 34.7 2.5 6.3 185.5
YOLOv11s 41.3 24.9 52.4 39.9 9.4 21.3 120.2
YOLOvIlm 46. 8 28.8 58. 4 44. 14 20. 0 68. 2 85. 4
YOLOv12n 35.2 20. 7 46. 4 34.8 2.5 6.3 177.8
YOLOv12s 41.6 25. 2 52.4 40.1 9.2 21.2 125.5
YOLOv12m 46. 0 28.5 55.8 44.9 20. 1 67. 2 83.3
Deformable-DETR 43.1 27.1 46.5 39.2 140.1 186. 8 14.1
RT-DETR-R18 47.6 29.1 62. 4 45. 8 19. 8 57.0 79.6
RT-DETR-R34 48.2 29.5 61.6 47.5 31.1 88. 8 60. 7
UAV-DETR-R18 49.7 30. 6 63.0 17.6 21.3 72.5 36.5
SO-DETR-R18 49. 4 30.6 61.1 47.7 20. 6 65. 3 67.5
IF-DETR 50.6 31.4 63.2 49.7 17.2 64.5 63.9
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Table 4 Comparision experiments of different modules on the Visdrone2019-DET-Test dataset (%)
AP;,
i 25 } ) ) Awning- mAP;, P R
Pedestrian People Bicycle Car  Van Truck Tricycle . Bus Motor
tricycle
Faster R-CNN 21.3 15.7 6.6 51.8 29.4 19.1 14.9 8.8 31.3 20.8 21.7 30.5 23.2
YOLOv8n 23.5 12.5 6.1 68.1 32.3 35.8 16. 8 16.1 52.8 24.6 28.9 40.6 30.7
YOLOv8s 29.0 15.8 11.4 72.5 36.8 40.7 19.6 18.7 57.4 30.9 33.3 47.4 34.7
YOLOv8m 31.6 17.0 12.8 74.9 38.8 45.0 20.9 18.7 59.8 34.5 35.4 48.6 37.3
YOLOvlln 24.0 13.0 6.4 68.2 33.4 34.9 14.2 15.1 53.1 25.6 28.8 40.7 31.2
YOLOvl1s 29.0 14.9 10.6 73.2 38.5 42.0 20.7 19. 3 57.6 30.0 33.6 47.1 35.2
YOLOvI1Im 33.4 17.9 14.6 76.6 42.5 48.2 25.2 20.7 61.6 35.4 37.6 49.6 39.4
YOLOv12n 24. 4 12.4 8.9 69.1 32.3 36.7 14. 8 16. 1 53.8 25.5 29.4 41.3 31.7
YOLOv12s 28.7 14.8 11.2 73.5 38.5 43.0 21.1 19. 8 58.2 31.1 34.0 46.6 35.9
YOLOv12m 33.3 17.3  15.4 76.5 42.4 46.4 26. 6 23.9 61.5 36.3 38.2 51.9 38.8
Deformable-DETR 38.7 23.8 12.6 70.5 34.7 30.9 20.9 15.1 40.4 39.1 32.6 47.3 33.8
RT-DETR-R18 38.9 28.7  14.4 76.7 35.4 41.0 23.9 17. 4 57.1 40.7 37.4 54.3 39.0
RT-DETR-R34 39.4 28.5 11.7 76.9 37.3 41.6 24.4 17.2 57.2 40.1 37.5 54.2 39.3
UAV-DETR-R18 39.6 29.3 14.2 76.6 40.0 43.7 26. 6 19. 6 60.2 43.4 39.3 55.8 40.7
IF-DETR 41.2 29.3 17.1 77.9 39.5 44.5 26.7 20. 2 59.4 44.1 39.9 56.0 41.5
Pifli. XUt T IF-DETR AU FE/DN H A5k I L B s 3.4 ZWHERTTRK
T T R BE AR T AR OCHER HARVR R I R I A W] AR 1) BRI T E
B, gi b AHECT H A AT 5 ¥ IF-DETR 1E /i 41 AR SR LayerCAM™ A 40 4k £ AR T 00 4 7 7% Bl afk
B B ARG I 25 80 B . BRI PERE . LayerCAM F T W 7R T B2 #ft 48 I 4% v R AR
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Fig. 11 Comparison results of heat map visualization
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(b) Distant small targets scene
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Fig. 12 Comparison results of detection visualization under four different scenarios
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