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Object goal navigation based on path planning characteristics

GAO Yu', HUO Jingl, LI Wenbin', WU Jingz, LAI Yukun’, GAO Yang1

(1. State Key Laboratory for Novel Software Technology, Nanjing University, Nanjing 210023, China; 2. School of Computer Sci-
ence and Informatics, Cardiff University, Cardiff CF10 3XQ , England)

Abstract: To solve the problems of low exploration efficiency and imprecise depth in object goal navigation, this article
constructs a framework to solve object goal navigation. Depth map edge processing and map error correction mechan-
isms were introduced in the semantic map construction module; a coverage maximization algorithm was introduced in
the exploration module; alternative point mechanisms was introduced in the path planning module. This article conduc-
ted experiments in a 3D simulation environment. The experimental results show that the new solution proposed in this
article significantly improves the performance of object goal navigation. In addition, the method proposed in this article
was successfully applied to quadruped robots, thereby verifying its generalization in real-world scenarios.

Keywords: artificial intelligence; visual navigation; object goal navigation; semantic perception; semantic exploration;

path planning; machine learning; semantic map
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BN 05 HAR env, s BB LB LMAX, JR AR AL
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1) Istep=0, haveseen=false, subgoal=(0, 0)
2) obs=env.reset()

3) While not env.done:

4) Istep+=1

5) If Istep>LMAX or LPF(subgoal) 2K I :
6) 4% 2.3 15/~ I H5 subgoal

7) Istep=0

8) If not haveseen:

9) goal=OD(obs)

10) If goal is not None:

11) % 2.5 AR 4 goal 1144 subgoal

12) haveseen=true

13) action=LPF(subgoal)

14) obs=env.step(action)
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Fig. 4 Object goal navigation system framework diagram
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Table 3 Object goal navigation results under HM3DSem

test dataset
K s Frontier DDPPO Sem  Habitat $jC
Exp Exp Web  JTiE
SPL 0.172 0.198 0.223 0.257 0.306
#wF SR 0.287 0.383 0421 0.609 0.542
DTG  3.485 2.431 2.659 1.631 2.222
SPL 0.159 0.198  0.097 0.255 0.222
R SR 0.282 0.355 0.180 0.648 0.422
DTG  6.300 5.509 5610 3.685 5.752
SPL 0.107 0.006 0.076 0.066 0.121
Y SR 0.179 0.023  0.179 0.226  0.240
DTG  6.553 8296 8451 7987 7.544
SPL 0.155 0.084 0.101 0.109 0.194
oM SR 0.317 0.198  0.234 0.311  0.406
DTG  5.390 6.241 5486 5.864 4.942
SPL 0.119 0.041 0.059 0.078 0.169
B SR 0.176 0.085 0.135 0.220 0.298
DTG 7.811 7.864 7.609 7.609 7.167
SPL 0.219 0.171 0.148  0.251  0.290
Wk SR 0.355 0.361 0.298  0.627 0.534
DTG 4.156 2940 3.868 2319 3.266
SPL 0.164 0.140  0.128 0.193  0.236
) SR 0.285 0.279  0.258 0.491 0.441
DTG 5.336 4.961 5.027 4.154 4.641
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Visualization of instance segmentation dataset

Fig. 5
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Table 4 Instance segmentation performance of Mask R-
CNN in various object categories of HM3DSem

e K WY SE R Wk
bbox APHEfE 2877 61.27 12.10 83.88 7.94 36.10
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TR S, 5 RN 5 Fias . Hodh LR E R
b TR T SO B AN B AT TR B R Ak B
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Table 5 Ablation experiment

LBRRE  RBRERK EEREIC A

F5 Ik

Ephsiit TR% sHLE Ak

SPL 0275 0.281 0.247  0.306
BT SR 0.488 0.518 0439  0.542
DTG 2463 2.527 2600 2222
SPL  0.228 0.190 0219 0222

K SR 0.434 0.454 0429  0.422
DTG  5.556 5.619 5829 5752
SPL  0.038 0.063 0.069  0.121
¥ SR 0.072 0.120 0.110  0.240
DTG  7.866 7.342 8.138  7.544
SPL  0.186 0.143 0.194  0.194
I SR 0.395 0.365 0400  0.406
DTG  4.940 4.732 4952 4.942
SPL  0.175 0.139 0.174  0.169
gl SR 0.295 0.274 0.284  0.298
DTG  7.024 7.469 7151 7.167
SPL 0253 0.243 0.248  0.290
% SR 0.454 0.502 0454  0.534
DTG  3.337 3.344 3479 3.266
SPL 0219 0.198 0213 0.236
¥y SR 0.407 0.420 0397  0.441
DTG  4.656 4.684 4801  4.641
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Fig. 6 Quadruped robot used in real-world experiments
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Fig. 7 Screenshot of navigation video with toilet as semant-
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