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Abstract This study proposes a real-time layout estimation method based on an improved lightweight network to simplify
the network structure of layout estimation and improve the use of output features. A lightweight coding and decoding
network was used to obtain the main plane segmentation images of indoor scenes directly end-to-end and realize real-time
layout estimation. Aiming at the problem of low feature usage in previous joint learning methods, a simplified joint
learning module was introduced and the gradient of the output segmentation graph was used as the output edge.
Additionally, the loss of the edge was directly integrated into the output loss of the entire network to improve feature
utilization and simplify the joint learning network. Aiming at the imbalance of positive and negative labels of dataset and
the imbalance of layout type distribution, to improve the stability of network training, segmentation semantic transfer was
used to initialize the network parameters in this paper using the semantic segmentation network parameters trained on the
LSUN dataset. The performance of the proposed method was evaluated using two benchmark datasets. The results show
that the average pixel error of the proposed method is 7. 35% and 8. 32% on the LSUN and Hedau datasets, respectively.
Ablation experiments prove the effectiveness of hierarchical supervision, simplified joint learning, and semantic transfer
mechanism for improving accuracy. Finally, the experimental results show that the proposed method can estimate accurate
indoor scene layout in real-time.
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Fig. 1 Structure of the proposed network
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Fig. 2 Applications of different parameters in ESA network
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Table 1  Performance evaluation of different methods on the
LSUN dataset
End
Method PE /% Network backbone
to-en
Method in Ref. [ 5] 24.23  No No

Method in Ref. [ 9] 16.71 No
Method in Ref. [11] 10.63  No
Method in Ref. [ 12] 9.31 No
Method in Ref. [ 16] 9.86  Yes
Method in Ref. [ 13] 12.49  No

Method in Ref. [19] 7.79  Yes
Method in Ref. [21] 9.05 Yes

Proposed method 7.35 Yes
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Fig. 3 Experimental results on LSUN dataset. (a) Original picture; (b) real layout; (c) layout obtained by proposed method
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Table 2 Performance evaluation of the different methods on the

Hedau dataset

Method PE /%
Method in Ref. [ 5] 21.20
Method in Ref. [ 7] 20. 10
Method in Ref. [ 8] 12.80
Method in Ref. [9] 12.83
Method in Ref. [11] 9.73
Method in Ref. [12] 8.67
Method in Ref. [ 16] 8. 36
Method in Ref. [ 13] 12.70
Method in Ref. [ 19] 7.44

Proposed method 8.32
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Fig. 4 Experimental results on Hedau dataset. (a) Original picture; (b) real layout; (c) layout obtained by proposed method
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combination (ASC); (e) ablating semantic transfer (AST); (f) combination of three mechanisms (CTM)
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Table 3 Results of the ablation study

Method PE /%
ALM 7.84
ASC 7.67
AST 14. 30

CTM (ours) 7.35
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Table 4 Results of different loss weights

a d, d, d, PE /%
0.25 0.25 0.25 0.25 8.81
0.5 0.5 0.5 0.5 7.99
0.7 0.7 0.7 0.7 8.07

1 1 1 1 7.72
1.25 1.25 1.25 1.25 8.07

1 0.5 0.5 0.5 7.67

1 0.2 0.2 0.2 7.35

1 0 0 0 7.84
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