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An image understanding method based on multi-level semantic features

MO Hong-wei, TIAN Peng!
(College of Intelligent Systems Science and Engineering, Harbin Engineering University, Harbin 150001, China)

Abstract: Visual scene understanding includes detecting and recognizing objects, reasoning the visual relationships of
the detected objects, and describing image regions with sentences. In order to achieve the more comprehensive and
accurate understanding of scene image, we view object detection, visual relationship detection and image captioning as
three visual tasks at different semantic levels in scene understanding, so as to propose an image understanding model
based on multi-level semantic features to leverage the mutual connections across the three different semantic layers to
solve the scene understanding tasks jointly. The model iterates and updates the semantic features of objects, relationship
phrases and image captioning simultaneously through a message pass graph. The updated semantic features are used to
classify objects and visual relationships, generate scene graphs and captions, and introduce a fusion attention mechanism
to improve the accuracy of captions. The experimental results on the visual genome and COCO datasets show that the
proposed method outperforms the existing methods on the scene graph generation and image captioning tasks.
Keywords: image understanding; semantic level; semantic feature; visual relationship; scene graph; image captioning;
attention mechanism
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BT HEAT (5 B SR, R R B¢ & B ot
AT AR, A SORE R B O A R 1 SR R AE I $2F
BEATIEACTE R, DR w45 AR 10 28 A 2k RE A5 B BBOK 1 52
Jt. MSDN #7  VG Hodfa 5 1) 73 5 2 A ik Kool
TR AR AL LA 55 2.5 L (10 a1 4 gk AT )
g5, AR AR L 5] AR 7 SORTRHEF & H BB X
5 ST T R, Rk, 8 R 2 AT 55 ) A [
S HIRARTE. FREQUP R B F TN 25 72 hr 2 W44
O L% A%, AL, 1 1A 7 AR S5 15 31 1 AL mi i 4 [

FAH. A SO RS A [[E 2 2 8] R AE 1 Bt
AT IEARTE B, DAL b7 5% B ARk, BRI, 78 37 55 B AR
Ao AR S BRI R L T FREQ LAY, DL B X L4 R
R, AR AR Y (R I 2 AN AN AR Z AT
RRAEAR SR 26 AR 0 BT 2B 137 5t R B vE A 1 0 T oAt
(1) 37 ¢ B AR A AR
3.3.2 iR

VAR S VR 4 Dy R o AT 55 1) R i, L AR A 2
L2 R A R GO AT 55 1 AR . AR SCAE A Visual
Genome 1 94 A4 ks I () K5 0 42, 456 FH 7 35065 FE 304
(mAP) F 3 FEAE g AR .

AL P e A I 777 5 Faster R-CNN 7EAH
[F A A AT I, DA 25 38 0 PR G R A =
B2 15 v DR G FH BIME B H TR A AL AT )
PAKS I P o 12, %o b &5 RN ER 2 Bl
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%<2 7£ Visual Genome ¥ #EE LI TR IMIZE R

LUREN Rl Faster R-CNN ours-AM ours
mAP/% 6.72 6.94 7.13
FPS fiii /s 2.34 0.54 0.23

FH 2 2 1] 0 R 38 B A VR R AL 0 S R
5L T (ours), B2 B4 7R Kl mAP L Faster R-CNN
PEm 1 0.41 %o FEIG A 1= I 1) MG H R 1%
BT (ours-AM), ¥ 444 M ¥ mAP #2 7+ 1 0.22 %. iX
i BH 38 0 P A i A AR = P S, A SC AT H
L RE T S LY/REN ol RS e e e S E N o N
B IS B B T 52 P A e R ) (e HE R . AR
SCHTHE AR (1 45 74 4 LE T Faster R-CNN A5 724 55 i)
5%, FE P 1847 FT 75 I 1) A5 40 e AR 4, 455 70 A 184 i L
A R VE R TP G R 1 R e T
0.23 1i/s.

333 E@G#R

W AR SCHE 1A 3G o Rl A Y 7 AL P A A
A1 (SA-Attention) 15 4 Fif 55 56 32 18 R ABE Y 7E A [R] 11
COCO ¥ 5 3k A7 355 S xaf L. A5 i 9 50 Il 5 4 1)
WA R WU A R ot ¥ T I AL AR AR 88 1 S B0k AT I
IR, KGRI R RUAE R JL 2R A5 B (Baseline).

AR5 Pl FH 0 G A  PEA 48 s R A DU
BT 0 il v 2 L PR RCR, R Fe A A3
3 6 R, FE R A A I A R R, R 3G T
SA-Attention 551 15 J LR HUAR AL 45 5.

&3 SA-Attention fRE 5 H A E B LI FER XL

EiELZ
T
Bl M R C S
Baseline 0741 0257 0541  1.019 0.191

Spatial-Attention®” 0,752 0.263  0.552  1.060  0.196
Semantic-Attention™! 0709 0.243  0.543  1.042 -
Adaptive-Attention® 0742 0266  0.550  1.037 -

SA-Attention 0763 0273 0562 1.129 0.205
SCA-CNNI2! 0719 0250 0524 0921 —
LSTM-AP"! 0.754 0269 0558 1.088  0.200
Up-Down!?*! 0772 0270 0564 1.135 0.203
SGAE!®! 0.808 0.284 0586 1.278 0.221

3 91 BLEU-1(B1)B38) $i5 A5 3 3k 73 #7 28 B 1) 4
5 2 2 4k v B A0 3 (] HS ) R SR PR i
T ) HE# 2 METEOR (M) 458 4 1+ 545 52 1 Fr 31
VG PC A B A 4 [B] 22 1 A1 3548 ROUGE_L(R)1Y!
T b 8 3 B A B R SR S 25 i IR SO 2 (]
KA LT 5 5 BB SR VA A A R ) 5 &

CIDEr(C)M! 45 br il i v 5 A48 i i ik e AR 5 2%
IR AR 22 (8] 1 4% 5% A LA 2 A AT 5 1 2 T PR A AR
; SPICE(S)™) $i b ¥ A= 1 4 48 18 SC A AN 2 2% iR
SCAFRHIT R TRAEACRURR, B J5 A 56T i 75 4
MRS 555 R 37 5 B DAV LA

2 3 7] %0 SA-Attention 75 Y E & AN Fabn )
13 5 35 v - AR A R RN L A xof Ll P v B BB, 1K
# B SA-Attention 15 B 7 38 fin il & 73 & I HLH S g
5 A R T BRI 1A 1. 5 LAt L 4 I AR
AU B, SGAE #5528 2 M i N\ B 5 A 13 5 I, P
WA Jeg PR 37 55 BT (R 285 40 S5 A S RN B R R AR Y, [A]
1, AT AR R B R R TE E iR Fa bR 3 B IR = 1)
B4y, #3R M: Be AL T SA-Attention £ 5. SA-Attention
i B4 7€ CIDEr 8 #% b )43 4 43 il & Up-Down F
SGAE # # B& 1% 0.006 F1 0.149, 7£ HoAth #5 kx _E 1015
43 bt SGAE % U BE K 0.011~ 0.045. [ 2 SGAE ##: 7!
2 4b, SA-Attention £ %! /£ METEOR Al SPICE 45 x
B AR o A A 6 LA A, 7 BLEU-1 fI
ROUGE_L & #5 b 145 7 #8452 38 T-15 75 f v 1)
Up-Down #. DL 16 bb 48 B3R 81, AR S H 1Y) SA-
Attention 5 %Y [1) 5 1A V£ B8 AL T 3 A X b 0 =
JIREAL, T L He AT M R A A0 ) IR BT, D] I, SA-
Attention 15 5 i % 4 U EIE 4 4 1) 44 B g P 0 25
R DA=R R AR EHSWNIIEPAd <L Eipu iR iKEd

4 JE 7~ T SA-Attention #5 Y, Jk 2 R AR A
Spatial-Attention A& B [1] ¥ 73 B & 3R R, 7T LAE
i, 3 T SA-Attention 15 8 BT A5 1 1) BEUG Ff ik 25 SR e
6 BB I SEBR A 25

"3 Baseline

T

a group of children playing soccer on a field
spatial-attention:
a group of young children playing a game of soccer
SA-attention:

group of young children playing soccer on a field

aseline
two pandas sitting on a field
¥ spatial-attention:
8 panda bear sitting on a tree branch
* SA-attention:
« two panda bears sitting on the top of a tree branch

Baseline

a dog and a cat on a field
spatial-attention:

.~ a dog and a cat are sitting on a table

N SA-attention:

a dog and a cat playing with each other

B4 ERATEREE p EIRA R R~
34 AT

T 20 5 B Bl AR AR e A [R) (1 5 E  AE
RIVERE (M RENA, R A 25 T AN [ 04 18 B 0 37 55 I A ok
[ 3 FAE S5 PERE I R
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5

xR %36%

x4 PRORBEFRAFRRETHENM

. =a 1% FRES Y5 AR / o Y E5r35 /% #1752 /% S
i fiii il R@50 R@I00 R@50 R@100 R@50 R@100
1 - - - 157 185 236 269 372 448 278
2 v - - 238 265 367 374 469 524 373
3 v v - 256 273 386 397 494 548 392
4 i v v 260 288 398 405 513 567 405

X T RHIEAE B 18, LI ER 4 R R 1 RS A 2
A DA, 5 FAE JE A 3 ] LA ASE B 1) B A P e 45 2
T R E B 2R RS T 9.5 %o X R LEAF]
B X ZE 2 AT RS B AL s 4040, A AT AR
YA 5 0% F R 2 8] &S AR TR I PERE, 1T
BAE BAL SR 3 A A B SE B AR T 5
BT AR AT 55 14 R

X B IR L 3R 4 s A 2 FSEAY 3 0] LA
3, 38 G R G, BB )T 3 R R T
1.9 Yo; LAY 3 FIBEIY 4 0] DAAS Y, 75 G IR A 4
Il &vE & SN kT S 5 A R TS LT AR
P 1T 35 A [ R P2 T 1.3 %. X R R G

a cat laying on a couch
nextto a cat

cat —» —» couch

amanriding a horse
in a park

543 ROt AE T 3 5 A R P e G R i e e A
BT 32 7137 55 PRI A B v Ak . TR DR 888 I ik 5
JIAUH ) PR i R AR TR AT DL RSE N 75 4 R S B
WA IR (S, RNt D37 5 B A S RS
AHER.
35 ISREREBRTILES

I 5 BB X mT MR 25 R0 1B 5 BT o, AR 3
R 3 5% UG T 1) 2 EE AR AN OC R AT AL I, A
S P I 0 7 5 UG o 6 255 X0 (R 2 ME P ) AT 41
. I R IR R ARG S R 3 R AR
JRI 5 8 SR S B 37 5% R O B A

b= bott o}
Nyl

el

aman and a woman
sitting at a table
hat

G- |
next to— cat man —»Wwearing—» shoe  woman—»5sitting_at—» table
[riding 5 horse  bottle 3>
Ours

two cats are sitting on a couch

aman riding
ahorse on a field

two people sitting at a table

/ I hat  people
cat —P-‘ﬁlch man —»§Wearing—» shoe  people—dSitting at—> table
| riding —» horse  bottle - on
MSDN
two cats on a couch aman riding a horse a group of people
cat —» Bt seople imig atatable
cat [ on > couch  man —p[ridingl» horse coplc—pSifting at-» table
bottle [ on

& 5

fEE S E B H T AR SO A
MSDN #5284 F1 C2SGNet 15 284 55 i 37 55 G 2R At 11 o]
PRAGGE B xof L I 5 Al Ak 45 SRR 38 1 AT NS 24T
AT DA AR ST R H B 2R 2 il 1 B R TR A 6 T

SR EGIERAATALEER

{5 IR S B P9 2, i3 E B 128 v T MSDIN R ARY; of LY [
ST ZE JE A B8 1 AT RIER 347 0] AAS Y, AR ST
AR AE S AR I L 37 S AR ORISR ik i
3NHLGEAE 55 IO HERS PR AT e 1 C2SGNet LA, IX R W]
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AL HTHE R IR T 2 25 SR 1 S B A 7 V2 e
TS TH P RAS I 37 5 B A2 ORISR () HE R 1,
RE% ST 37 557 PG 38 A T B v A ) SR
4 4 ®»

ASCERM T — P T 2 205 SCRFAE ) S B A
T3 15, ¥ 3 S B AR A AN RS SUE A AT 55 IRl B 3R 4T
SRR, 3 T R P AAAS I« R B S F e U A AR il i X
3FRANFE S R SAE 55 AT BB R AR, ST 1 X6
Wy MG A T R () ER A M AR
BEAN R S BVRFEA JS R R AT 1A 50 3, i FH 5
B PR TR SCARRAE T30 A7 A R 0 5% 3 DA S A B3 53¢
B A RS R, 5 ARG = TP 3T T A
IR I HERA 1. SEIG A Hr R B A SRR R T 2 )2
B SCRFAE 4 G 38 A 5 v Re % A 00R RS AN ]
SR WRFIES B, 2T Ak I 37 5% B A BOrT
G IR B HE A 1 8 T 2 ANE SOE L AT 55 i
ATBRG KA, AT LASR 37 5 EUG B A B AR R
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