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CoCo-SEAM: A traffic sign detection algorithm for occluded signs
based on color correlation and self-ensembling multi-scale attention

Lan Zhangli' Wen Hong' Zhang Hong® Zhang Yong' Chen Xi'
(1. School of Information Science and Engineering, Chongqing Jiaotong University, Chongqing 400074, China;

2. State Key laboratory of Mountain Bridge and Tunnel Engineering, Chongqing Jiaotong University ,Chongqing 400074, China)

Abstract: Automatic detection of traffic signs is crucial for improving the robustness of environmental perception in
autonomous vehicles. In real-world scenarios, traffic signs are often occluded., resulting in issues such as complex background
interference, small target scale and incomplete sign information, which degrade detection performance. To address the
challenge of occluded traffic signs in complex backgrounds, we propose a feature extraction method C2{_color based on color
correlogram, which leverages the prominent and stable color features of traffic signs to enhance their distinguishability in
challenging scenes. For small-scale targets and low-resolution problems. we introduce a feature enhancement module C2SEAM
that integrates a self-ensembling multi-scale attention mechanism (SEAM), which improves the model’s ability to extract fine-
grained features across multiple scales and enhances detection accuracy for small objects and low-resolution samples.
Additionally, to handle missing sign information due to occlusion. we propose contextmixing convolution(ConMix), which
dynamically fuses contextual information to compensate for missing features and improve the representation of occluded traffic
signs. Experiments on the CCTSDB public dataset and our custom traffic sign dataset under occlusion and complex conditions
(TSOCC) show that our method improves mAP@0. 5 by 8.4% and 3.5%, respectively, while P increases by 0. 9% and
6.2% , respectively, compared with the baseline model.

Keywords: occluded traffic signs;object detection;color correlation;feature enhancement; ContMix convolution
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Fig. 6 Detection network architecture based on improved YOLO11
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Table 2 Ablation experiments (%)
Baseline C2f color C2SEAM ContMix P R F1 mAP®@0. 5
N X X X 85. 4 69. 3 76.5 74. 8
N J X X 87.6 69. 4 77.4 75.3
J X J X 86. 3 70. 3 77.5 75.9
N X X N 88.1 70. 5 78.3 76. 2
N N J X 91.9 71.4 80. 4 78. 1
J J X J 90. 8 71. 8 80. 2 77.8
N X J J 90. 4 71.3 79.7 77.5
N NG J N/ 91. 6 72.1 80.7 78.3
*£3 B TSOCC HiF&E R E AT LL LR
Table 3 Comparison of algorithms on the custom TSOCC dataset
(RS Params/(X10%) P/% R/% F1/% mAP@0. 5/ % FPS
YOLOvV5s 9.1 82.7 69. 4 75.5 72.9 95.6
YOLOv7-Tiny 8.3 62.1 56.3 59. 1 48.1 91.2
YOLOvS8s 9.7 70. 6 60. 2 65.0 59.7 76.3
YOLOvVYs 9.9 81.4 66. 4 73.1 70. 3 72.5
YOLOv10s 9.6 83. 6 68.3 75.2 72.6 84.7
YOLO11s 9.4 85. 4 69. 3 76.5 74. 8 90. 6
SSD#! 24.3 63.7 16. 1 25.7 16.5 48.2
RetinaNet*" 35. 6 84.5 41.5 55. 6 56. 4 33. 8
Faster R-CNN®V 41.0 81.7 52. 1 63. 6 53. 6 28.3
BH-RT-DETR"* 22.8 87.2 70. 8 78. 1 75. 6 42.7
DTI-YOLO™ 9.3 89. 2 70. 7 79.0 76. 8 78.1
VNS'S 9.5 91.6 72.1 80.7 78.3 86.9
R igﬁgygs R4 AFCCISDB HiE&ERE AL LG
T YOEOvEs Table 4 Comparison of algorithms on the CCTSDB dataset
YOLOvI0s
1 +~YOLOvlls ( % )
_:_ Si?nﬂ [4
= o RO Fik P R FI  mAP@0.5
YOLOv5s 89.6 69.2 77.5 76.3
YOLOv8s 85.3 69.2 76.3 76.0
b YOLOv9s 88.7 69.1 77.0 76. 2
YOLOv10s 89.4 69.4 77.7 76.3
_____ YOLO11s 89.9 70.1 78.3 76.5
""""""" Sspr! 86.5 27.7 41.7 49.2
RetinaNet™"” 86.7 52.9 65.7 57. 8
mAP@AS Faster RCNNP' 84,4 54.9 66.2 56. 6
Libra R-CNN"Y  83.7 60.1 69.0 61. 4
MAP@0.5-0.95 Dynamic R-CNN™/  86.9 58.3 69.4 60. 1
AL 90.8 77.6 83.8 84.9

B9 AEEBAE TSOCC Hda4E bk BE Xt b 5 % &

Fig. 9 Radar chart of algorithm performance on the TSOCC dataset
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Fig. 10 Radar chart of algorithm performance on the CCTSDB dataset

Lo R < R A B U AR R PSRV DA e E
BN BE LA K H bR HE AL AN TR 2 51 AR R AN
B G A BE B e 1 A8 AL 6 3% H A 15000 25 2R i l
fRRERE BEVE FITE O~ 1, BT 1 3 WA 0 X 2% T )
AL

(a) Labels

308 O_E 3040 O.E

(b) YOLOVSs

304 O‘U L

(¢) YOLOV7

(d) YOLOVS8s

(e) YOLOV9

+ 198 -

(f) YOLOv10s

() YOLO11s

3 0.21082

(h) SSD

30_500'3 30.00?

(i) RetinaNet

304 o.ﬁ 308 °-E

(j) Faster R-CNN
T

309 o,ﬁ 3 0.1 Ur %< 00.82
‘it

(k) &

(k) Ours
B 11 A g5 R T A
Fig. 11  Visualization of inspection results

INEE B B o A8 43 T 4SS TR AT RE % ) E AR 2
B AE T A R AR R 2 S BN AR 1 R AR
A, YOLOvVT 5 SSD A48 I 5 5 B 5 AR A2, o Al A2y IR
BB FR 1 YOLO RIS K £ Ge 4% 45 H 1F 6 25 51 i,
HEFEEKFES2ZARF, Hd YOLOVZ. YOLOVS %4 55
MEAITE /N AR S8 5 F B85 AR, AL Z R, AR S
bR (R AR = o NI R = f U B = R =5+ N SRR N
IR X b Y B R A R T A
2.8 R RWERDH

2 T B AR AT 55 v L G 5 R 2 1 R i A R
F18 T e R T s A T R o LA SR R 11 ] R, AR SC
Xt Bk AT T IR RE AR S AT, 12 TR, T
F 12Ca) o, H bR a8 bR o B AR A7 AE (0 B T ] 0 IX g
T B EL 405 BRI, LT A B 1R 0% 40 0 9 R AE , T



BEFAL % :CoCoSEAM: & M EAI X B L A R RELIER A a4k 5 30l A7 S S ok

%12

b R4 2 RURE AR 43 A 70, e 28 T OB Y oK BB IE
TR IR AG I 4 5 78 1B 12 (h) A, 3843 32 38 A s 2 91 4h
NEAHARL, 1 12 Co) Hi, fin =z 5 Bt X 3 i 8 4, A5 70 0 35 5
BN H AR AT 1 R A

(a) ZEEFR G

(a) Missed detection of traffic signs

(b) bR BB
(b) False detection of traffic signs

(c) AR AR &

(c) Similar traffic signs

P12 A6 2R WORE o1

Fig. 12 Detection failure examples
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