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Visual Scene Description and Its Performance Evaluation
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Abstract: As a cross-domain research topic related to Computer Vision, Multimedia, Artificial Intelligence and Natural Language
Processing, the task of visual scene description is to produce automatically one or more sentences to describe the content of visual scene
from an image or a video snippet. The richness of the content in the visual scene and the diversity of the expression of natural language
make visual scene description a challenging task. This paper gives a review about the generation methods and performance evaluation on
the recently developed visual scene description methods. Specifically, the research object and main tasks of visual scene description are
firstly defined; the relationships between visual scene description and multi-modal retrieval, cross-modal learning, scene classification,
visual relationship detection and other related technologies are discussed sequentially. And then, main methods and research progress of
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visual scene description are summarized in three categories, while the increasing benchmark datasets are discussed. Besides, some
widely-used evaluation metrics and the corresponding challenges on the visual scene description are discussed. Finally, some potential
applications in future are suggested.

Key words: deep learning; image captioning; video captioning; benchmark dataset; performance evaluation

PR 37 57 5 38 B A 38 3 5ok i N PR ST I P9 25 40 A, L Bl AR i — AN 1 ) B B ) 1 T U A 3 R
R R BT RR B T E AR 2 Bk N T RE A [ AR T A B A AR A S8 YO E SR A B 3 B
T i T VA S R A SCER AR 22 A SO ST | S B AR S AT R 1 L L T SR B B 2 AR R
TS 2% 2] 55 1] RR I F 5T

AR 15 2 IR B 2D M AR AL | I S M O R KR A R A 0 R, L R B F MS COCO,
Flickr 25 5 v S0 85 45 (1) H BUAN IR B 2% S HE B2 25 U 48 I 4% (convolution neural network, f&ii #k CNN). 753 11 £
W 4% (recurrent neural network, fii #% RNN). 455 i) 212 M 4% (long short-term memory, fii #k LSTM)%% 1% i I 4 45
R 5T 1) 28 5 2 A0 52 3 55 il 3 45 R 78 B2 40GES A 7 v 9, IR IEE AR DR B S AR, B T 3 e i I A A 1
FE MM G RIE T RAMIE R S M R R RR ROy — TR &1 & T 24 Bk 1T 55

PG 3 S A3 1) R SR R SR8 51 T 1 B S A, [ 9 A S ML L5 Google 5536 % | Baidu fiff
FUBE R 5T Bt | E R 2 B L B E AR K & 8 R K I RIAE JE K & 45 AE [ B 4 I R S e
ACM. IEEE. Elsevier. Springer 1 & Py 4 2= AR i S0 8 2 5] % Google Scholar #1 & 2% A, Ll “image description.
video description. image captioning B{ video captioning”4s 54 o K &1 30, Hi g B L W1 4Rk, 5 7 5
HIRA R ARG R ERE—H 2K G RIS BRI — R0 EV 2 Mma i WP W &5
SR A A B B 5 R 2R 59 [ PR3 i (IEEE Conf. on Computer Vision and Pattern Recognition, faj #x
CVPR)"22 | «i -5 1 Wi 5 [H i 23 1 (IEEE Int’l Conf. on Computer Vision, %K 1CCV)" 23381 «Ri il S L0 5
421 (European Conf. on Computer Vision, f#i#k ECCV)"B 40 «3h £ {2 B 4b P 2 %5 [H Fr <> 1 (Int’] Conf. on Neural
Information Processing Systems, fij #x NIPS)"H# 1 [ 4R 15 & &b #2 [ bx 2 3 (Int’l Joint Conf. on Natural
Language Processing, f&i#x NLP)”P0514%

B 1 s ISR 08 T W38 3 S R 78 TH B LA Ak = K i B SORREE G0 B, B R
BT ZBAR BT X A AR AN HES) T E AL B RE S A B S A O R A S R i B
LT HAER AT B AE GBS AT R 2 L R B MR 4% e AR R 45 L 35 B o B A N R 5 AR LA 5 A Ak
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Fig.1 Papers on visual scene description published in the proceedings of three top conferences
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FETT ik R R TSR B 3 BB T A T R R A A W T S SE R A R AR AR 5 4 IR R
REE A L 37 S5 408 ROR B BB AR . J7 I AR AE (0 B 55, 5 6 719 J SR 3 3 i 3R 16y 82 S5t

1 ARGk

11 EXEMRAR

W s f iR F2 4R A F E AL AR IR R B — IR E S BEENE T — B B S, H B RS
= TR 2R W52 B IR 37 5 A B TE S HOR B T AL 5t 32 ZEUR T BEGORT A, HORE 52 37 55 it ik 1R A
T F A EGORAILAI 2 d NS BRI AT B AR S U SORE A HE IR B 3 R A B R R
%+(image captioning) 3% & 4 4k (image description); )5 & F B 2815 5 % 2 0 SCAIE A H IR A0 R B4 L 1 3% 3¢
P25, FR N AR A0 7 %% (video captioning) sl AW 4514 (video description).

WL 3 s B IR B ATE FUAE 55 2 B B AR B — AN B2 A A) - SR 3k iy N UG BRI A0t b 2 IR A 0 3 5 N 4 B
2 B AR F B ARG S A L DR TR g EE R AR T DU SR B 137 5, N A I3 s AR AE B B A s T | R I
(WIERTE X3, HARJE 1, HFRIRES) 2 & H AR U B 2 8] 98 R I AR Bl S R I8 4%

Bl 2 Fios i) 3 A48 T il A I s R R B B AR B AME B T U IR 1R EHE AN 2 B B
2R ).

fimtt i 5): A brown bear standing on fimiES): A catis playing with a toy,
top of a lush green filed
(a) BIfgHHARme (b) PR A B
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; An elderly man is playing the piano
1 in front of a crowd.
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| with the pianist.
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the crowd applaud.
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Fig.2 Examples of visual scene description
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AT R 5 37 5 AT 55 10 2 L 2H 0 o, R 6 3 SR SRR AR RN 3 b 5 SR — 25 R Nz —
1.2 HEEEAR

YT R MR B ARM L ERA X, FHEMN AR ZE ISR 52 HUMLN 2 HEERR . BHRA¥
3. pREM. o BRI MR ARN. HREAR. WM. BRREERSEA.

(1) ZHESHER. BRESKERMEREAYS

PRS2 8 EUHE M A A0 S B sttt o NPT BUA S . 0. MR WIS AN [R5 1 B 4 d 1R —
X R B A, 19 B[R] 25 o R ok, T SO AR AT DA A R [ 0 5 2 ST R — 0 R AL . P i B AR S
ENE TN RS

Z SR 2 (multimodal retrieval):iX & 48 @l A A ARSI R T E AR HEE G E T E A FHEE B
B B REBBL WA AR RSO AR IS L AMES BEDE 1 AES M FE R 580 2 A SdR T2
PSR R T R v AR S R v A S 15,

A & (cross-modal retrieval):iX & F5 il i T A FERE S EEAR 2 (B B¢ R, SLHR 3 — P S AR A 18
FRAT A SCH) LA AR A A 1) 75 R AR LR A5 1E T R 2R A SR I A R A PR S S T A8 P RS AR R SC
Ay RT3 A, L 5 B A T 06 AN RIS 10 9% 2R HEAT TR, X S AE T % R S R S 1) )3 S 7 15,

5B 2% 2] (cross-modal learning):iX & 18 i X B 2B VI e A 1 22 31,45 ) 2% 21 B e ke id 203 1 B
— RS I T R R (0 7 IR R LR AR T, 2 S B (LR R A 5 o0 IR BT R A MR U R R B B,
A B — B T .

WG 3 55 85 38 T AR R — s A A 5% 30 BV IE i AR A A i 3 5 B LT IR 1 ST A T 3 3R B ) [ 2 5
ERUUTH BRES EMABRFILNG Z AR BREG RPN NGB HEBRE, LUK R R AL
EEEAL b AT DASE RS AR A A R | AN 1) B S B I R 3 = A B ARAT 5

() HEIUME. RN BB HTE

% 5B A% (scene understanding):ix /& it PLEHG ARSI U0 B, 0 WA 4 35 5 (0 5 4y KA 50 3
FHRE 4 BAR(EREN . BARIRE . R B2 ERRGRE. MK R)D LI RIEY
B 7RI ) B T7VE B AR A% AT i R A 7 5 B AR Pk Ak 2€ LSUN(large-scale scene understanding) 32 22 58
BTy RS BT, J5 IR E bR 754 X 4 4T %

Y 5e iR 5l (visual place recognition 5§ scene recognition):iX 2 84 — g B& 3 — BT BE R I3 A id A
AN TR 28 0] 1) 7 AN R g Sa 4 AR IR 0 3 = 0 2 AR 2, D) 37 5 VR 3 18R] YA 4 — AN 4 5 1) R B A
J(scene classification)>-%%,

Y 5B HT (scene parsing):iX 2 454 3 5t EUEHEAT 23 81, 363 — B 84T v 518 SCRTIAE O (R AN 18] X 38k 1) 5 v
A A RS ST, B B S P AR R AR A B LR IR T X R S H R, 2 EH S
O, ML A BN S R 0 R AR A SRR

B GRIEMDE TSR BRET 5 R 5000 5 35 SR 45 R UE R SR
FERLFIT AR, 3 R AR R FER . 3 R AN SR — R A ARE B TR R A R

(3) MR R L 5 B AR Bl AN 7R R I AE K

Lo o< Rl (visual relation detection):iX 2 844 0 R B T — A 1 SCE SCA B B 58 40 4aT 42 HUA [F) % 5
(7 B R G R 1 2 (B 4R 0% R N B T EFE AR AR T N A S B RE S 2 98 & 500 R A
HIF TR 25k 5 2 )28 B B 0 2R, T DA PR R | 110220 2 0 5 17 PR 4R (1 240 S A IR T,

FR9 1] 2% (visual question and answer)[26-29-344161): 55 f e b+ SRR Hf8 S N 1) PRI CROL ) T v J T 7 a4
WA NBRIEITHNEEGBE RN LR, H A, 20 55 2 8 75 F B iR 207 11 A R BAR B K& B
BRI AT 1R 50 R ol 5 A AT 45

Y5t B A2 B (scene graphs generation): i /2 Fi 8 ot & 3 AR G2 L % G 1t R G2 18] 1 9% 2 R4l 3R i
3y 5 B VR ANV SR 5 R AR AZ B AR AT DU AR D 3 S 4 R R ) 2 2 B AR LR B R R U R R B T
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R BN P 3 5 v 0t 5 2 1] g 2 R[04,

6 IR 6 364: i (referring expression generation)!®® 8433 2 5 AIF 5% i) A Hf o I75 AT bl R AR 5 0 52 160 7
BAR AZ B A A R SR R 4 s X 5, 33 1T i 0 7 2 1 T S A B R K RSk S R AR A R 5 R R
FEIEHH R AT 55  FRARAT 55 23R R G0k 545 T8 R I8 I IR 1O X 5 28 BRAT 55 2 v EE N 1 4 58 X 5 AR ik
KiK.

NIFy 5 P8 2500 BT AR L0 R R A . AR 37 3t B RN 7R 3R AR BT AR SR LB T3 s R AR R I &2
KRR RES TR, R 724518 377 51 AN B3 5l R A R = . SR B S IREEE LR
P ) B v AL 1 A 3 v

2 FEFEMMARER

WIEE 1.1 A5ATIR, 1% B3 S AR I AN [ W0 5 3 S5 58 0 N BT 38 s AR R A0 4 I 79 A 4 e AR i T 7 L i
AN TR], J0 3 37 3% 386 3 7 325 W 40 43 SR 5 1 WS AR 1) 7 7 (template based approaches). 3 14 % ¥ )5 ¥ (retrieval
based approaches) PA & H § 32 it 0 3E T 75 51 5 21 1) 75 ¥ (sequence learning based approaches). fR 4% 2E pliE ) i £
H A5 s i iR AT 3 8 T B — IR A AL 7 iR (F — AS R =N ) . 2T 2 BRI ML
SR (F — Bs Rl 3 5= N ) R T 25 L H I8 1 ML 5 3 S5 38 (DUAS ) IX 3o AN R) S5 R BAS (R S 4 Shy B A6
FEAN MR 5N ), i 3 FTR.

— Bk (HIESCER [51],[651-[68])
o~ BT Y ik =
~ MRAEHGE  (EISEDCHR [22], (32],[33],[42],[69],[70]-[86])
YL 3 S5 il BT # 04 Fr ik — ik (HISIGER [40],[49], [T1]1-[73])
— Efak  BISTER [2]-[4],19],[10], [13]-[18],[20],[23]-[25],
TR SIM A - L [331. [431. [451-[47]. [341. [77])

- MiAEE CHERSCER (10, [5]1-[8], (12],[21],[26],[30],
[31].052],176],[78],[79])

Fig.3 Categories of visual scene description methods
K3 Mty Stk o7 ik o) 28

0 CAAIL 53 SR ) SR B SRR, 2 R 2 TR L AR DL A 2 ) AL 3 SR AR T i iR EELA
AESEIE S
2.1 ETRIRIGFHIRTE

PTG VETRAE 8 A R ) B — S R VR AU, B0 40 o T 3R | Bl R A A5 A R R 4, R A
95 TE S I N A5 L T P 8 PR 25 LR e TR A ke 5 380 Ja 1k, 5 FH T S 11 ) B A 5 ) - 5 4.

17 B b 7 T AR M T A, Yang 25 A (2011 4E) M Gigaword 5 A} Il 2k 1038 5 B2 8 31515 3h 1 10 A6 i
PAK ] SR A 1A 3 8] s A IR 2R 48 5 K FE AR N BR T /) B KA A (hidden Markov model, Bk HMM) )2
B B A 7 AR e FE Y Mitchell 25 A (2012 4E) %5 H HHSLHLRLSE AT b 7 8 B R 19 Midge R 4%, T it AR
T PR T, 0 ot 5 B B RO 9k 485 W R AR B B P9 0 AU B AR P Krishnamoorthy %5 A (2013 4E) |
HI SVO i 5 BBk B i . hE. W4 = o4, 3F A4 B A8 Kulkarni 25 A (2013 4£ )i 1o 46 i B 4% v 1
Xt GRE E R E AT A 17 55 2R A58 P A4 AE Bl AL R TR (25 S e 5 R . A A 7 196 8 10 e B 4 1 7). Lebret. 2%
N (2015 4E) M PG o T AV AR5 K BT 1S — AN T PR A8 5 AR A R, 2R e T R P9 2 37 B R TP

FE AT 1R 7 T 44 2% kT A v Kojima 45 A (2002 4E) 3| A S i858 2 Uk ik A 2635 3h° Rohrbach
28 N\ (2013 4F) % H 444 BE /137 (conditional random field, f& #k CRF) &L y2 A48 0] G2 MR 52 4 N 10 3% 5h 2 18] 1 2,
I AE R 18 SRR RS Guadarrama 25 A (2013 4E)5E SUiE R TR UL SR RA) T R4 2 1A (18 ok R P2
BEAR Xu 25 N (2015 4E)FEH T —AN B5 SCTE S AR L IR FE AT AR FR R I A ik A AR 2 1 5 — HE 2 R 2 ST 41
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BRI [ AR5 1) 22 18] fr) S 1RO,

SR FE TR V37 SRR J7 V28 2 B TE TUE UMK TE A REAR Hh BB A R L A R T DG B o LRV IR A 1
) B R AE T 22T v v B AR T TE SR TR R B, A BT ) 52 B ] R vk 4 A ) BR ok ) R ) Y
BRI R E T HAEA R E .
22 ETREMNGRBRSGE

Z T VI R 8 YR AR A R A B N A L UG, A R B 14 [ B b R R
FH B3 10T A 4R B0 i AR R R AT ) R 122 U5 R AR 5T b A Tk AN v [ ) v 3 B SR AR LI ) TSR
A B R AR 5 3 s IR

%2807 v B H DU B 3 A S Farhadi 25 A (2010 4F) i F I 41 i DU 34 HH 0% 36 Fr) 1R 15 31 38 15 ) 30X
S A7) I 7 144 5 1) Meaning Space, 7 F Tree-F1 v 3k 47 UL AL, 75 3 5 A B AL #iA E MUY Ordonez £ A
(2011 4F)EEH Web BEUG 734 BT 15, & R T AN BRI I K B BHEEUR (A R RS G AR
A A6 23 P R S 7 A £ 1R A5 b B0 Kuznetsova. 28 A (2014 48 )3 4 35 T4 45 ) (09 ) A i v, L T
FEAER N ELAT (1 PG A3 v i 363 REVE AR Ja b R 1 2 & BT SR Bk 7 A 3 1 43k 1 ) 171 Hodosh 45
A (2015 4F)IRHE T KCCA [MEHE RS0kt 17 EUG I IR AN 2% I8 i 44 22 7 S 4% K% e 0 4 SR SCRE LM (%
S 7 37 V4% 5 ST A T B B s T 98 T 8 A 1% P 252 Devlin £\ (2015 4E)FIH]T CNIN- 3R 15 B (1 i %6 17 4%,
SRJE P kAR 2R AR R 3R 45 1% B 1O 35 IR 7E COCO e v #udie 4 b kgt ) [,

Gy TR T AR AL 3 BB TE ) 5 N TARVE I 368 18 ) 7R Rk 7 ORI RO — B A R E T
A BRSCR 2 A R A FE R ) it N AR M RE AR . R A IR AR DL R S A R R AR o
T FE (1 29 SRAN ).
23 ETFIIFEINGRBERGE

BT 3 2 21 W 3 st IR T 1k TR RE T 8% A8 R SR A5 SR i LA SR 32 IR D AL 3 e A R T 4 T s -
fifh 2% (encoder-decoder)"HEZE K (f)“CNN(EZ 3D CNN)+RNN”FI“CNN(E; 3D CNN)+LSTM” 2 1% J5 = 1 WL
4 A RNN 784 G5 28 W 25 v 5 N e B o b — B 20 0 4 ] 1 DR — e 200 (0 i N B 3 08 N 31 R 4% ]
53 A5 RNNL Bi-RNN Al m-RNN;LSTM AR RNN R0 RAS, AT 48 40 N 8] LSTM B8 3w
LSTM K%Y . VR 2 S5 ML) LSTM B L J2 GRU A58 25 0747761 37 54 57 vk iy — o FE 4 1) 4 s,
R - ittt e S e '

LT . BRI L it

Il 25 44 VIl 245 i Pl o4 B Y

N Thrikigit)

ifh i

A THRiEES

el
% Sl NN Wit 5t sty | 5| BAMER
b SR D CNN THE RO
B

Wt EE

v

Fig.4 General framework of visual scene description based on sequence learning
B4 BT 02 ST AL 37 sk 77 ik 1) — IR HE 42
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76 G 353 5 T AR R TAEE (1) E“CNN+RNN” VLT 50 H, Vinyals 25 A (2015 ) M % FE B
fEFF 5 N TAREIE AT RNN il 28,75 21 1815 A 2 #5348 0 Karpathy 25 A (2015 4) L RCNN(regions with
CNN features)>y Encoder $EEUEEH %A H A X 3, L BRNN(bidirectional recurrent neural network){E >y
Decoder, 3 2 % | T 3k A4 18 A1), B 215 3 B 45 P 5 A X 10 1R 7L (2) 8 “CNN+LSTM” J 3 #F 72
1, Donahue %5 A\ (2015 4E)FIH LSTM AL ol 28 4R M8 Huang %5 A (2016 4F)42 H BLAT i3 1 1 22 3@ 08
LSTM B, DL it o) i 1 4547 8. 5 4 Jl ST A 18 ) 22 1] 16 DG T 295 2 3 T PRI ik 1) 2 B9 90 Ren 25 A (2017 4E)
R Y J 0 000 5 70 T 5 ) 2% ™ 01 4o J) DA A 7R < {1 1) 3% 3 [0 DA 2 Rl PR AR 2 DL b D 2 R 2% e 3 o
(RSB X 3. (3) 7F 51 N i B L (¥ 7 0 78 Xu %5 A (2015 4E)H LSTM 574 5 A A0 5 v () 3 B ML i+
5Ly AE AR ORI (0 B3R N B SR A T 3 ST LU SN (2017 4E) BN BE WY Fe S T 1 N T
R you 5 N\ (2016 )8 FH AR B 1A 18 SURE & B WOR G G4iid A= A, I 27 51 78 S R IR 220 348 356 1 b 56 32 33X 26
20 wang %5 A (2017 4E) IR 3T L6 B ALHI AT CNN SR EUEME AL, it T Skel-LSTM BLALRT Atrr-
LSTM BERY 20 5 FH SR A SCARE A R i« 38, 37 Msg . R AT (4) A8 51N SR80 &R 7 A0 1k ik
fBE 52 Wu 45 N (2016 4F ) 2 IR B & (R k), B35 otk 7 RNIND A 4G 1k i 04 3% @ vt — 38 1 You
25 N(2016 ) FH R 18 o 1] 454 3 1k g 21,

TEAR ST 14 7 T AR M TAE B35 (1) 7E“3D CNN+RNN”Z7VEHF5E 1 Socher £& A (2014 4E) | H] RNN Al
C3D ML T3 51 v 52 B HE R (1 = i R AE 34 AT I P 0 G ) 4T A 0% a4 5 AU 58 IR AR 40 2K 5
BRI P 2 R UBY N TR A T 2 () TR VR AN HE R A B P9 2, Yu SN (2016 4E) R 4y 2 R IR R 4
WX 2% 435 45 0 3 AL A S ) I (0 A A, AT 2 R MR 1) %2 ) 6 3R 114, (2) #E“CNINHLSTM” J7 3 HF 7,
Subhashini %5 A (2014 4)F|F CNN $& B AN WA 51 REAE B K e A3k 477 2 i Ak, TR LSTM B3 AF
J i R 1 F) 52 Torabi 25 A\ (2016 4F)H CNN $ZEUE R VLA C3D A FEME N HLA(E B ) = e F, 7 3m it
LSTM #7828 B il ik 75 49U Pan %5 A (2017 4F)FI I 2E T COCO it 4 (1 58 Wit 2 Sz 25 =1 1035 SRS Il 2%, 70
AR E PR A R 1 SR P A I E SR MRS N LSTM-TSA R 2% SV A7 5t 9 22 138 SCREAR P )
M, Zhang 55 A (2017 4) 42 H AT 25 SR B 1 B 25 Al AL ) St BoR ARG AL AT I (R0 SR P52, 4 A %o AL A0 PR 25 ) 2% 1
1 Shen % A\ (2017 45 )FI i 55 Wi B 0 2 ZE 451 22 Firic 2 33 05 05 2 ST AR A X 38015 37 B (10 4 35 7 0 4%, S B A4
P2 I 2 REAL S SR RR T () 76 ST N 0 7 I 0 Krishna 25 A (2017 4F) LS4 Ay B fir 8 i A ) =
3 W S D B B 9 2R, 7 6 S DR Bl P A AT A R A R 8L 7 Sk - Waing 25 A\ (2018 45 )4 FURI Fi it
F B SCR AT E BTN 2 S P R 1) 8 SR B G A A 2 AR SR 14 b T S0 B HE L) AR B R 1 2 A R
HIR 77 1. 1% 75 15 RS X 20 AN48 3R I 8] b g R 0 S, R — A R e e R P 0 AT A A 1 e A,

IR TTIERE RE T R0 FH R 5 0 2 A58 28 7 R i PR 25 AR S AR ) 1 R B 2 T 25 ST 2R 43 A1, >R AR R RV
S5 RIS () T, B % B A BN HERR A3 S R SR LR AR B 3 1T *CNIN+RNIN 25 18 FE I 4% 45 1) [ 3 3K
37 5c N A IR R AL B8 77, 2036 T B N THRHE SR IO 2, T8 i 3] vy 1140 A 4 1 850 77 =2, (L 0% 2 7 vk ARt
TR AR I v B0 A 1 S 4%, LA P v f) 1 B B e T S Bk 3 B 45 K i R AR 3 3 T AR ABL E AR DL R R A 3 5
PN A I R e, R M N A A IR 4 R T e S S B AN

3 MR ERIESR

TEML 5 3 BRI BT 78 b, G L /2 Encoder-Decoder HEZE R 3T RS ik BRI E KL BT A I
BRI HLES 2 ) 7k TR B B AN TN bR B0 2 v 5000 4 0 R Ik A R v S AR R SR 36 T R B RS R LA
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Table 1 Datasets on image captioning
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Table 2 Datasets on video captioning
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Table 2 Datasets on video captioning (Continued)
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Table 3 Performance evaluation on visual scene description
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