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Abstract Vision plays an important role in both the human interaction and human-nature interaction.
Furthermore, equipping the terminals with the intelligent visual recognition and interaction is one of
the core challenges in artificial intelligence and computer technology, and also one of lofty goals. With
the rapid development of visual recognition techniques, in recent years the emerging new techniques
and problems have been produced. Correspondingly, the applications with the intelligent interaction
also present a few new characteristics, which are changing our original understanding of the visual
recognition and interaction. We give a survey on image recognition techniques, covering recent
advances in regarding to visual recognition, visual description, visual question and answering (VQA).
Specifically, we first focus on the deep learning approaches for image recognition and scene
classification. Next, the latest techniques in visual description and VQA are analyzed and discussed.
Then we introduce visual recognition and interaction applications in mobile devices and robots.

Finally, we discuss future research directions in this field.
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Table 1 Object Classification Accuracy on Different Datasets

R1 FARABEEONESLKEHER

Datasets Classes Total Best Accuracy
Samples Methods 1%
Caltech101 101 9144 SPPNet 93.42
Caltech256 256 30607 CNN-S 77.61
VOC2007 20 9963 HCPL! 85. 20
ImageNet 10000 1281167 GooglLeNet 93.33

Table 2 Results of ILSVRC 2014 Classification '®
x2 ATREFREFIEEAE ILSVRC 2014 By ik 5 F 25 10

Rank Methods Top-5Test
1 GoogleNet 6. 66
2 VGG 7.32
3 SPPNet 8.06
4 Howard 8.11
5 DeeperVision 9.50
6 NUS-BST 9.79
7 TTIC ECP 10. 22
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BB FEAE TS 45 AR 0 R A7 g 1, 45 51 1) 45 4
fiE A SVM #E 4740 25, Li 58 APV 42 T —Fp
BT YR AR 0 o 2R AE 050 2 ) W AR T g A
T8 g 15 B Sk H ) 1Al A FFAE . Rasiwasia 28 A
FI 5 55 2 M 26 40 A A S v 2 A L X — 3 5
) 2 2 2R 5 B TR A A DU T0 oK 0 ER R T
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K EEARBUAE 2 J5 T - D EIRZ BRI 4 I VGG-
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Table 3 Scene Classification Accuracy on Different Datasets

K3 TRBEEHHRS LR

Datasets Classes Total Best Accuracy
Samples Methods 1%
Scenel5 15 4485  CNN-Placest®! 90. 2
MIT67 67 1520 CNN+ Fisherl2s] 79.2
SUN397 397 108762 CNN+Fisher[2%) 61.7
Places 205 2448873  CNN-Placest?! 66. 2
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7 A ) B SR ) - e R — A BT B 2 A
MR,

Xof T8 R g AR b 25 A A0 TR B SR A 2
J& o He o T AR AL 7 5 Kiros 48 APV 4R 1 SC-
NLM (structure-content neural language model),
BT HA A B ) AN 6] 22 Ab 7E T e AR AR R B
i) I B I AN R — A BRI T Ok 1Y ) 1 4
F49. 6FF 3t 2 3 O 5 - Mao % NP7 R ) m-RNN
(multimodal recurrent neural network) £ %, %
il i — > multimodal ## 704 CNN FI LM H &
AL k. Donahue %8 APY #2 H 9 LRCNs (long-term
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Fig. 1 Image caption generation using LSTM and the
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Table 4 Comparison of Different Methods on MS COCO
4 TAEEBIFZIERERE MS COCO BBt 5

Methods B@1 B@2 B@3 B@4
Multimodal RNNE30J 62.5 45.0 32.1 23.0
Google NICL28] 66. 6 46. 1 32.9 24. 6
LRCN-CaffeNet!#!) 62.8 44.2 30. 4
m_RNN 67.0 49.0 35.0 25.0
Soft-Attentiont2%] 70.7 49. 2 34.4
Hard-Attention2?] 71.8 50. 4 35.7 25.0
gL.STM 67.0 49.1 35.8 26. 4
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Fig. 2 The proposed CNN model for image QAM".
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