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Study of Multi-task Learning with Joint Semantic Segmentation and Depth Estimation

LUO Huilan and YE Ju

School of Information Engineering,Jiangxi University of Science and Technology,Ganzhou, Jiangxi 341000, China
Abstract Semantic segmentation and depth estimation are two highly related tasks of image pixel-level classification. This paper
proposes two different multi-task learning architectures from the perspectives of both shared feature extraction and feature inter-
action fusion:multi-task learning with SE and pyramid pooling (MTL_SPP) based on the squeeze and excitation (SE) and pyra-
mid pooling,and multi-task learning network (MTL_SSW) based on se and selective weights (SW) to jointly learn semantic seg-
mentation and depth estimation. The MTL_SPP architecture consists of shared backbone feature network and task-specific sub-
networks,using the SE module to construct task-specific sub-networks and pyramid pooling to enhance feature extraction. Based
on MTL_SPP,MTL_SSW adds SW modules which allows the semantic segmentation features and depth estimation features from
task-specific sub-networks to guide and optimize each other, o it can learn more discriminative features. Experimental results

show that the two proposed methods obtain better results than the state-of-the-art methods on both NYUD_v2 and SUNRGBD

datasets.

Keywords Multi-task learning, Semantic segmentation, Depth estimation,Squeeze and excitation,Selective weights
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Fig. 7 Performance comparison on NYUD-v2 dataset
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Table 1 Experimental comparison of the proposed method with
other advanced methods on NYUD-v2 dataset

.~ iE X4 4 WA 5
MIOU 4 /% rmse v log_rmse v
NDDR_CNNE3T(D) 39.3301 0.5943 0.2008 96.9x10°
cross_stitch[361 (D) 38.7497 0.5973 0.1978 75.8%10°
PADnet[6] 39.2170 0.6417 0.2157 66.9x10°
MTI_Net[7] 35.4241 0.5656 0.1903 81.8x10°
MTANC2] 39,4689 0.5953 0.1942 67.0x10°
MTL_SPP(A& X) 39.6119 0.5840 0.1928 83.9x10°
MTL_SSW (4 30) 39,8796 0.5755 0.1904 89.9x10°

AR T T #0045 2R 19 2 4% 55 #2 28 PADnet il MTI_
Net,PADnet 7215 X4 4L 45 11 MIOU /& 39. 217% , b A<
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# MIOU 2y 35.424 1%, Ltk A& 3C MTL_SPP ik 4. 1878%, It
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Table 2 Experimental comparison of different methods

on SUNRGBD dataset

- i X4 HE A

MIOUA /% rmsey log_rmse v

NDDR_CNNE3I (D) 48.054 1 0.4873 0.1783
cross_stitchf367(D) 47.9307 0.5007 0.1721
PADnet[6] 47,8794 0.5287 0.1853
MTI_Net[7] 16,7829 0.4509 0.1489
MTANL2] 48,2863 0.4696 0.1613
MTL_SPP(A ) 48.7890 0.4670 0.1572
MTL_SSW (A 30) 49,2547 0.4539 0.1503

4.3 HERWHKL

B8 4t T MTANM® 53k 5 MTL_SPP #1 MTL_SSW
O #E NYUD_V2 B4 58 i JL K 22 38 18 B 1, BR Al 3 A
W SUAr BN SR TR X H T T A — 1k 1 A2 B R R
AR A S 1 B g R, nT LA H, MTAN &k st
R R M AR A SO B 28 43 B R A AR TR X
VUK A3 18 28 0B o L AN 88 — 47 vh 14 “ i IR B F0 58 — AT 1Y
“ImET S AR RCR KA. B TR RS E CHE I EE
A JUART 67 5 OC R 2 2], T30 B0 IR VB MR R s B4R by
HER A F YRR R R AR R R A e . AL T
MTAN,MTL_SPP i id SE {8 i 52 P 1 4 5 35 it Ak B2 3
i A R ARAE 2% o B BoAME B 4R TS T S R P RE
FEAS RIS Z 1 5 0 3 SRS IR TORS 04 1R S 4 BN IR
A TE 25 5 B 3E — 47 v B RS TR B AT R Pk AR R
“HEFTAE,

(b)MIT_Net

[El 8 7E NYUD_v2 %l 5 I 0918 L4 F1 R0 7R B Al 11 ml W04k 45 SR X He

Fig. 8 Comparison of semantic segmentation and depth estimation visualization results on NYUD_v2 dataset
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Table 3 Results of MTL_SPP ablation experiments on
NYUD_v2 dataset
E A =R >
T & X 44 B E AT P
MIOU* /% rmse ¥ log_rmse v
STL_ASPP 39.2452 0. 6000 0.2050 37,82><1()G
MTL 34.5325 0.6829 0.2326 53,18 10°
MTL_SE 34.8917 0.6779 0.2280 55.11x10°
MTL_PP 37.4387 0.6779 0.2364 66.43%x10°
MTL_SPP 39.6119 0.5840 0.1928  83.91x10°
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Table 4 Performance comparison of different combination methods

# X 54

it

Tk MIOU 4 /% rmse v log_rmse ¥ B4
MTL_SE-+ ASPP 37.9027 0.6219 0.2026 68.5%10°
MTL_SW+PP 38.0569 0.6211 0.2067 1()3,2><1()G
MTL_SPP 39.6119 0.5840 0.1928 83.9x 10°
MTL_SSW 39.8796 0.5755 0.1904 89.9 x 10°
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Table 5 Effect of parameter initialization of trainable weight matrix
on MTL_SSW
. . & X4 4 BB A
B4 7 -
MIOU* /% rmse y log_rmse v

MTL_SSW(0. 2,0.8) 37.9079 0.6086 0.2034
MTL_SSW(0. 8,0.2) 38.4932 0.5995 0.2030
MTL_SSW(0.5.,0.5) 37.5080 0.6095 0.2047
MTL_SSW(0.1,0.9) 37.6717 0.6014 0.1998
MTL_SSW(0.9,0. 1) 39.8796 0.5755 0.1904
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