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Traffic small object detection based on attention deformation and
dynamic query mechanism
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Abstract: While deep learning has advanced traffic object detection, accurately detecting small objects in complex
traffic scenes with dense occlusion remains challenging. To address these issues, this paper proposes a novel small
traffic object detection algorithm, CDAQ-DDETR, which incorporates an attention-based deformation and dynamic
querying mechanism. Building upon Deformable DETR, the algorithm introduces the CBAM attention-based dual-
tower mechanism and DCNv2 Deformable convolutions to reconstruct the original residual network, thereby
enhancing the semantic acquisition capabilities for small traffic objects in dense areas. By leveraging the AFN
network concept to add lower-level features and constructing an attention-aware fusion pyramid module, the
algorithm improves detection performance for multi-scale small and medium traffic objects. Additionally, by
integrating a dynamic query mechanism module before the original decoder, combined with matching input image
characteristics, it constructs optimal query vectors, enhancing the algorithm’s adaptability and generalization ability
against diverse background interferences. Experiments conducted on the VisDrone2019 dataset show that the
CDAQ-DDETR algorithm has achieved a mean Average Precision (mAP@ 0.5:0.95) of 37.9% and a mean
Average Recall (mAR@0.5.0.95) of 57.4% . Compared to the current state-of-the-art (SOTA) algorithms, there
is an improvement of 5. 5% in detection precision and 8.0% in recall rate, particularly, an increase of 6.9% in
precision and 10. 0% in recall rate for detecting small objects. Visualization experiments further demonstrate its
practical applicability and superior performance in detecting small traffic objects in dense scenes.

Keywords: traffic object detection; dense scenes; small object detection; Deformable DETR; Transformer
algorithm
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Fig.8 Dataset analysis
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Fig. 10 Model evaluation of P-R curves for each traffic object category
®1 HEESEHLBRBEER AP@).5:0.95
Tab.1 Algorithm precision for each fine-grained category: AP@0.5.0.95

SR RIS ARG S AP@0.5:0.95/%

R s L 5 N N 2T/ S C €/ S TOF o R SRE BMSRE ARE BEHTE
1 16.4 10.3 5.5 42.0 22.4 18.5 9.3 5.2 21.2 14.7
2 Vv 20.4 13.0 8.3 46.2 25.5 21.8 12.4 6.8 27.6 19.0
3 Vv vV 25.6 17.6 10.6 61.4 39.4 33.6 23.2 13.4 50.7 28.3

4 v vV vV 36.6  25.7 22.1 66.9 46.4 38.9 29.0 19.3 57.7 36.0
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Tab.2  Algorithm recall for each fine-grained category: AR@0.5:0.95

Sy ERIE BORS PiA

AR@0.5:0.95/ %

2B P P P — [ e
PR BTN a0 afE wE W% RE SRE OERSRE ARE TEEE
1 23.7 18.6 13.3 49.2 32.5 28.2 19.1 14.3 24.4 24.9
2 Vv 27.3  21.5 15.3 52.8 36.2 31.0 22.3 17.6 31.8 28.1
3 vV vV 35.6 31.2 29.4 67.5 64.9 54.7 47.5 46.3 60.5 43.4
4 v 2 2 48.7 41.7 44.0 73.5 71.9 63.5 55.3 52.9 70.5 52.2
*3 EHEEARBEMNZREBRLHTBELE
Tab.3  Predictive performance of the algorithm across different thresholds and multi-scale objects
I _ - mAP mAP mAP mAP mAP mAP mAR mAR mAR mAR

S R ARG S ) '
o wm . X (0.5:0.95) (0.5) (0.75) (small) (medium) (large) (0.5:0.95) (small) (medium) (large)
P BRI AbLE
/% /% /% /% /% /% /% /% /% /%
1 16.6 29.8 16.3 8.7 26.2 37.0 24.8 15.5 37.7 47.3
2 vV 20.1 35.0 19.7 11.4 31.1 48.3 28.4 18.4 42.0 59.5
3 vV vV 30.4 49.8 31.0 20.7 42.5 50.4 48.1 39.1 61.4 73.0
4 vV vV Vv 37.9 59.3 40.0  30.2 48.5 4.2 57.4 50.7 67.9  67.8

(small) $&F+ T 9. 3% , 76 " H f5 A IKS e BE mAP
(medium) $#EH T 11.4% 16/ Hos b BbR A 152
PEAHE bR A BT T 20. 7% F119. 4% He R EIE
T PR AT RO A X S PR 2 AR A
SN A E BARZ 8] F 55 HARZ [0 24 7EAH
HOEPS TP, SRy 4 FESEE: 3 YRR E A S
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Comparison of detection results between the final improved algorithm and the baseline model

Fig. 11
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Tab.4  Precision of the improved algorithm vs. mainstream algorithms on fine-grained object categories: AP@0.5.0.95

AP@0.5:0.95/%

Bk
(IUN A EEFES paR [k % =R OEH=RE AXE A
Faster-RCNN
13.6 6.5 1.8 42.8 21.3 12.5 8.6 4.2 20.1 12.9
(NeurIPS 2015)
SSD
3.2 2.9 0.7 28.9 11.7 10.4 4.0 1.6 16.3 4.1
(ECCV 2016)
RetinaNet
9.6 3.1 0.9 43.7 21.3 15.6 7.7 4.1 19.9 10.0
(ICCV 2017)
Cascade RCNN
15.1 6.3 1.3 48.6 23.1 12.1 5.7 3.0 17.0 11.4
(CVPR 2018)
FCOS
15.2 9.1 5.2 49.1 23.7 19.5 7.3 5.9 30.1 11.0
(ICCV 2019)
GFL
) 19.9 6.8 5.2 52.9 27.8 20.7 10. 1 5.4 29.8 13.5
( NeurIPS 2020)
TOOD
19.2 8.7 6.2 52.5 29.8 22.6 13.6 8.2 33.3 16.6
(ICCV 2021)
ViTDet
25.5 14.4 10.5 59.0 36.7 36.9 24.4 15.7 47.5 26.5
(ECCV 2022)
RT-DETR
26.6 21.3 14.0 60.2 38.4 32.5 23.3 14.0 46.6 30.3
(ICCV 2023)
YOLOvS
17.5 11.1 6.4 49.5 28.8 20.1 13.0 7.3 38.6 19.1
(ICCV 2023)
DINO
32.1 23.6 18.3 60.9 39.2 32.2 23.9 13.3 49.4 31.3
(ICLR 2023)
CDAQ-DDETR
. . 36.6 25.7 22.1 66.9 46.4 38.9 29.0 19.3 57.7 36.0
(BUHE )

x5 WHEESEETREZEHASEXBERLINBEZR AR@0.5:0.95

Tab.5 Recall of the improved algorithm vs. mainstream algorithms on fine-grained object categories; AR@0.5:0.95

AR@0.5:0.95/%

Bk
(5UN A HAT% R T34 R4 SR EEERE S ARE G4
Faster-RCNN
19.7 12.0 3.4 49.5 34.7 23.9 18.1 15.7 25.9 22.3
(NeurIPS 2015)
SSD
8.6 8.3 2.7 36.6 20.6 18.2 9.6 7.2 20.6 10.5
(ECCV 2016)
RetinaNet
15.0 7.1 4.9 49.9 35.6 29.7 18.0 13.8 31.3 18.6
(ICCV 2017)
Cascade RCNN
21.7 11.6 2.2 54.3 35.7 31.9 11.9 8.9 27.6 18.9
(CVPR 2018)
FCOS
19.3 18.2 12.4 55.2 41.6 41.6 21.6 21.7 44.2 20.4
(ICCV 2019)
GFL
26.7 11.2 8.7 59.0 43.3 36.7 21.6 18.1 38.2 21.8
(NeurIPS 2020)
TOOD
27.2 14.1 10.3 58.0 43.6 34.5 24.9 21.5 38.5 23.6
(ICCV 2021)
ViTDet
30.8 20.9 15.5 64.2 49.3 47.0 38.1 31.7 53.0 34.9
(ECCV 2022)
RT-DETR
36.7 35.4 30.2 65.9 59.0 49.6 42.4 38.7 54.6 43.9
(ICCV 2023)
YOLOvS
26.4 21.3 20.4 56.2 48.6 40.3 31.3 28.8 48.2 32.3
(ICCV 2023)
DINO
43.4 40.0 36.4 68.0 60.3 51.1 46.4 41.7 59.2 47.1
(ICLR 2023)
CDAQ-DDETR
48.7 41.7 44.0 73.5 71.9 63.5 55.3 52.9 70.5 52.2

(BUER )
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Tab.6 Predictive performance of the improved algorithm vs. mainstream algorithms across different thresholds and multi-scale objects %

(medium) (large)

mAP mAP mAR mAR mAR mAR

(0.5:0.95) (small) (medium) (large)

21.6 24.4 22.5 15.0 31.4 34.7
13.8 33.1 14.3 5.2 24.3 45.8
22.6 27.5 22.4 11.6 37.0 40.9
21.6 25.7 22.5 15.0 32.2 34.4
28.7 39.5 29.6 18.1 46.9 60.4
29.9 46.4 28.5 17.9 43.1 63.1
31.7 31.4 29.6 19.6 43.5 41.1
42.1 53.1 38.5 28.6 52.6 66.1
43.6 69.1 45.7 35.6 59.9 79.2
32.7 44.7 35.4 25.3 50.0 57.9
43.8 56.8 49.4 40.7 61.6 76.5
48.5 44.2 57.4 50.7 67.9 67.8

. mAP mAP mAP mAP
Ak
(0.5:0.95) (0.5) (0.75) (small)
Faster-RCNN
14.4 27.5 13.3 8.5
( NeurIPS 2015)
SSD
8.4 16.6 7.6 1.7
(ECCV 2016)
RetinaNet
13.6 23.9 13.7 6.1
(ICCV 2017)
Cascade RCNN
14.4 24.9 14.3 8.7
(CVPR 2018)
FCOS
17.6 29.1 18.4 9.4
(ICCV 2019)
GFL
19.2 30.6 20.0 10.6
(NeurIPS 2020)
TOOD
21.1 35.0 22.1 12.6
(ICCV 2021)
ViTDet
29.7 47.5 31.0 20.1
(ECCV 2022)
RT-DETR
30.7 51.2 30.7 20.3
(ICCV 2023)
YOLOv8
21.1 35.4 21.1 11.7
(ICCV 2023)
DINO
32.4 54.6 32.6 23.3
(ICLR 2023)
CDAQ-DDETR
s 37.9 59.3 40.0 30.2
()
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Fig. 12 Visualization of experimental comparison
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