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YOLO-NKLT visual SLAM loopback detection method

LIU Wei, WEN Xianbin”

(Key Laboratory on Computer Vision and System, Ministry of Education of China,Key Laboratory on Intelligence
Computing and Novel Software Technology of the City of Tianjin, Tianjin University of Technology, Tianjin
300384, China)

Abstract: Aiming at the problems that the existing deep learning based visual simultaneous localization
and mapping (visual SLAM) loopback detection methods do not make good use of the semantic informa-
tion of images,scene details and poor real-time performance in complex outdoor scenes with obvious illu-
mination changes or occlusion objects, this paper proposes an YOLO-NKLT visual SLLAM loopback de-
tection method. The YOLOv5 network model with improved loss function is used to obtain image fea-
tures with semantic information,construct the training set,and retrain the network to make the extracted
features more suitable for loopback detection in complex scenes. In order to further improve the real-time
performance of closed-loop detection,a KL'T dimensionality reduction method based on non-dominated
sorting is proposed. Through experiments on the New College dataset and Nordland dataset with more
complex changes such as illumination, the results show that compared with other traditional and deep
learn-based methods in outdoor complex scenes,it has higher robustness and can achieve better accuracy
and real-time rate performance.
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Fig. 1 The overall flow of lookback detection algorithm
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Tab.1 Loss value comparison table of each loss

function under four iterations

Iterations GIOU BCE ED-CIOU
250 0.3196 0.8731 0.2534
300 0.1275 1.5969 0.0931
350 0.1914 2.7306 0.074 3
400 0.1563 2.376 5 0.0711

Average 0.1987 1.894 3 0.1230
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Tab.2 YOLO-ED network parameter settings

Parameter Default
Batch 64
Subdivisions 16
Width 608
Height 608
Channels 3
Hue 0.1
Learning_rate 0. 001
Burn_in 100
MomenNordland 0.9
Decay 0.0005
Angle 0
Saturation 1.5
Exposure 1.5
Max_batches 500 200
Steps 400 000,450 000
Scales 0.1,0.1
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in the same scene from the Nordland dataset
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Tab.3 Classification of loopback detection results

Algorithm

Fact is loopback

Fact is not loopback

Is a loopback

Is not a loopback

True Positive, TP
False Negative,FN

False Positive, FP
True Negative, TN
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Tab.4 Average accuracy of loopback detection

Dataset ORB-SLAM2 FLCNN YOLOv5 YOLO-ED YOLO-NKLT
New College 0. 691 0.794 0. 803 0. 853 0.841
Nordland 0.627 0. 807 0. 842 0. 897 0. 868
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Tab.5 Time performance comparison (ms)

Dataset ORB-SLAM2 FLCNN  YOLOv5  YOLO-ED YOLO-NKLT
New College 58. 21 45. 81 39. 8 38.1 33.1
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