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Deep neural network for simultaneous learning of segmentation, pose estimation, and ob-
ject recognition using annotation of object class labels and a micro amount of foreground

masks
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Fig.2 Overview of our network in the training process. By using the the shape loss L, the network
is trained so that the shape of the positive foreground mask 1, P matches the pseudo ground
truth foreground mask I <. By using the appearance loss L, the network is trained so that
the appearance of the transformed positive I¥ matches the anchor IT¢.
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Overview of our network in the inference process. The foreground mask and pose parameter
of the input image I* are estimated by the segmentation layer r() and STN s() trained in sec-
tion 3. 2. The object recognition task is performed by nearest neighbor identification between a
feature vector set V = {V* l’Z | extracted from a target image set 7" = {I"} IIZ | and a feature

vector V¥ extracted from the input image I by feature extraction layer e().
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Fig.4 Target object models from the YCB dataset, APC dataset,
and ARC dataset used in our experiments. The color frame
indicates the type of object shape (red: cuboid, orange:
plane).
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Fig.5 Examples of the clutter background condition used in our
experiments.
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K1 REFRCUEFEL OBELE. @ 25 () BERHED D FE, O 25 () &
FHEID D FIETHS. nfa FZZDRXRRATEFELBNI L2 EKT 5.
Table 1 Performance of our network and existing networks. (a)-(e) are the fully supervised networks
and (f)-(j) are the weakly supervised networks. 7/a means that the corresponding task is

not trained.

BT RHEERSEE 1 | BOTE (R1R) | BEHEERRE | | B (B2 | 7 7 AHMTHE 1

(a) Nested-Unet [2] 0.99 + 0.01 KE nja nja nja

(b) DeepLabV3 [3] 0.99 + 0.01 K nla nj/a n/a

(c) HomographyNet [4] nj/a nla 0.20+0.01 Re n/a

(d) GeM [5] nja nja nja nja 0.96 +0.01
(e) SwinT [6] nja nja nja nja 0.99 + 0.01
(f) SEAM [8] 0.20 + 0.06 T n/a n/a 0.98 +0.02
(2) PPC[9] 0.71 +0.04 TE n/a n/a 0.98 +0.01
(h) WeakTr[10] 0.50 + 0.04 TE n/a nja 0.99 +0.01
(i) JOP[7] nla nja 435.28 +112.93 T 0.02 +£0.01
(j) Ours 0.90 +0.01 (85 0.124+0.01 TE 0.99 +0.01
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Fig.6 Qualitative results of segmentation and pose estimation
task using our network.
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£ 2 1RETIEY DeepLabV3 [3]+JOP[7] DFEELLEL.
Table 2 Performance of our network and DeepLabV3 [3]+JOP [7].

R~ A7 BE | IR D 5 25 ~EE | i HEERGE 1 | BBHGERE | | 7 7 AHMENE 1
(a) DeepLabV3+JOP 88 60088 0.09 +0.01 2.58 £0.03 0.66 + 0.01
(b) DeepLabV3+JOP 688 60088 0.91 +£0.01 0.19+0.01 0.91 +£0.01
(c) DeepLabV3+JOP 6088 60088 0.98 +0.01 0.17+£0.01 0.94 +0.01
(d) DeepLabV3+JOP 60088 60088 0.99 +0.01 0.17 £ 0.01 0.94 +0.03
(e) Ours 88 60088 0.90 +0.01 0.12 +0.01 0.99 £+ 0.01
#3 REFHRL PPC[9+JOP[7] DOFFEELLIEL.
Table 3 Performance of our network and PPC [9]+JOP [7].
HIRIEERE 1 | BBHERE | | 7 7 AHENE 1
(a) PPC+JOP 0.71 £ 0.04 0.40 +0.01 0.81 +0.01
(b) Ours 0.90 £+ 0.01 0.12 +0.01 0.99 £+ 0.01
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(1) : https://github.com/qubvel/segmentation_models
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Abstract A method that accurately and simultaneously perform segmentation, pose estimation, and object recogni-
tion task is necessary to realize an automatic object picking system to reducing labor shortages for warehouse solutions.
Recently, deep neural networks have been proposed for segmentation, pose estimation, and object recognition task. To
improve the accuracy of each tasks, the network requires large datasets with annotation, but annotation requires expensive
manual labor. In particular, the annotation cost of the foreground mask for segmentation task and the pose parameter for
the pose estimation task is costly. We propose a novel deep neural network that performs segmentation, pose estimation,
and object recognition task using annotation of class labels a micro amount of foreground masks. Experimental results
show that our network can perform segmentation, pose estimation, and object recognition tasks with higher accuracy

than existing methods, if the assumption that a micro amount of foreground masks are available as annotation.
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