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Multi-scale visual and textual semantic feature fusion for image captioning

LI Feng, WEN Yimin "
(School of Computer Science and Information Security, Guilin University of Electronic Technology, Guilin 541004, Guangxi, China)

Abstract . To address issues caused by category differences between the pre-training dataset of the object detector and the dataset for
the image captioning task, which could lead to object recognition errors, as well as variations in sample sizes across different scenes
that could result in the model’s insufficient understanding of relationships between objects in rare scenes, the multi-scale visual and
textual semantic feature fusion for image captioning (MVTFF-IC) was proposed. The multi-scale visual feature fusion ( MVFF)
module modeled global, grid, and regional features using a graph attention network to obtain more representative visual
representations. The deep semantic fusion module ( DSFM) integrated textual semantic features, including object relationships,
through a cross-attention mechanism to generate more accurate descriptions. Experimental results on the Microsoft common objects in
context (MSCOCO) dataset showed that MVTFF-IC achieved a consensus-based image description evaluation Cpy, of 136.7,
outperforming many popular existing algorithms, demonstrating its ability to capture key information more accurately in images and
generate high-quality descriptions.

Keywords: image captioning; graph attention network; visual feature; textual feature; attention mechanism
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Fi=7(X e, Wf). (4)
o7 WARRPEIR , EI A5 1R
Vo= If] i fi] eRP2, (5)

23 REIBXEEET
S LR TR G 2 18] 56 R B HERLEE 0T, ok
FAZE S IIHLHIRT S AR MY = Ve FISCAFRAE
M} =T, HFATRHERVG o 55 (1-1) 250 AR5
HE MY FISCARERIE MY AR —)ZAERE D
T S35l > WA RRAE P9 BB OC R o, A A 5t
DR 2 A T AR S A e, 45 380 B b 3 1) 4 0 R SCAR R
TR, 390 N
S', =FEN(MHAtt(M\"" M""" M!"V)) (6)
S =FEN(MHAtt(M"" M""" M"Yy, (7)

. FEN Jy i it B 4%, MHAtt S8 223k A 1E & L
i, BEJS 38 5 S kST A 28 SO R AL
PLSEFN SCASFRE Z (8] S A2 B AH EARE T 15 3058 1 2
Y SCAS 5 e A B R G FS BRRIE R S, 430
M. =FFN(MHCAtt(S',,S..,5')), (8)
M, =FFN(MHCAtt(S',,S,.,.S'.)).  (9)
FIFH 3K —FE He AT LL3E 5o 0098 SO A REE AH B
VB AR A58 R SCAS RRAE A 3G 5, K545 21 A9 R AE
F=[M, M, ]eR"2% A M* Transformer [ %]
IR A R A R Y

3 R
3.1 EUREMIEMERAE
311 HiE4gE

ABFFEHERERH W35 (Microsoft common
objects in context, MSCOCO) £z 4 [ #4715 , 7
il TR TR (4 4 %M . MSCOCO B 8 J2 181 14 4
A U 55 v A A e 4, 123 287 K A b
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Table 1 Effect of Pearson’s coefficient

P Bleu_l/% Bleu -4/ % Meteor/% Rouge-l/% CIDEr Spice/%

0.3 81.8 39.8 29.6 59.3 1355 232
0.4 81.8 39.8 29.6 59.1 135.7 232
0.5 81.9 39.6 29.6 59.1 136.7 232
0.6 82.0 40.0 29.7 59.4 1363 234
0.7 82.0 39.8 29.7 59.3  136.0 234
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IREERNER 2 Bk, HIER 2 AT A H SO
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Table 2 Effects of text features
BIR SOR By, -1/ %Bo, -4/ ToM oo/ %o R e/ %o Cipge Sy %o

x V789 359 282 569 1247 22.1
V. x  81.8 397 297 594 1345 238
VoV 819 396 296 59.1 1367 23.2

VR 4 3R P A fE R P A S A
HA
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FPEAG A B 5T 45 H B MVEF F1 DSEM 5 e ()
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%% 3 MVFF Hl DSEM 155 54
Table 3 Effects of MVFF and DSFM

MVFF DSFM B,,-1/%B -4/ % M./ % Royger/ % Cips Sy %
x x 81,5 392 293 588 1356 23.0
vVoox 81.8 395 296 59.1 1363 23.1
x Vo 817 394 295 590 136.1 23.0
VooV 819 396 296 591 1367 23.2
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fiEf A MVFF B3 K H8 055 10 0008 9 iE 5 SO R
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Table 4 Comparison with advanced algorithms
Ttk B\y-1/% B\, -4/ % M0/ % Royger/ % Cipgy Syiee/ %

Up-Down 79.8 36.3 27.7 269 120.1 21.4
GCN-LSTM 80.5 38.2 28.5 583 127.6 22.0
SGAE 80.8 38.4 28.4 58.6 127.8 22.1
ORT 80.5 38.6 28.7 584 1283 22.6
Dual-GCN 82.2 39.7 29.7 59.7  129.2

AoANet 80.2 38.9 29.2 588 129.8 224

X-Transformer ~ 80.9 39.7 29.5 59.1 132.8 234
M? Transformer ~ 80.8 39.1 29.1 584 1312 22.6

GET 81.5 39.5 29.3 589 131.6 22.8
DLCT 81.4 39.8 29.5 59.1  133.8 23.0
EURAIC 80.9 39.5 29.4 594 1303

Xmodal-ctx 81.5 39.7 30.0 595 1359 237
MVTEFF-IC 81.9 39.6 29.6 59.1  136.7 232
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oA S A B I AR 5 AU TR bt A 5 e B
AR R PERE
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F MVTFF-IC Az j 0 15000 15 4] 43591 38 2o 30 10 4 4 o
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Table 5 Accuracy analysis
S R/ % :
X4 BT KFR
Up-Down 4.5 8.9 62.0
Dual-GCN 17.1 31.0 75.0
MVTFF-1C 18.3 33.1 76.4

3.6 REERTEMST

1 MVTFE-IC 2E fi 1 PG R 45 2R i 2 i
No AULH] MVTFF-IC (%, AT 58 2 £ Dual-
GON 1E R FERARY KAz A G AR 25 A 5 FL sk
Rt R, B E 2 iTLUE Y SR AR T K]
GG 3 R G2 22 () (1) 5% R LA K SR A7 7E )
A, 4N tarmac 1% F) A road, seagull 1% F| K bird,
snowboard Fll skateboard i% ¥ & board, next to a
bicycle 1% #°4 and a bicycle, riding a snowboard %
A with a board 4%,

MVTFF-IC:
= An airplane is parked on the tarmac at an airport.
HEER:
An airplane is parked on the road at an airport.
REARIE:
A giant airplane sitting on the tarmac of an airport.
E—

(a) 7~ i1
MVTFF-IC:
A seagull standing on abeach near the ocean.
EZRR:
A bird standing on the sand.
REARE:

A seagull standing near the ocean on the sand.

T (o) AR

MVTFF-IC:
Two dogs walking down a sidewalk next to a bicycle.
B HE:
Two dogs and a bicycle walking on the sidewalk.
RLARIE:
Two small dogs walk next to a bicycle.
(c) I3
MVTFF-IC:
A person riding a snowboard down a snow covered slope.
HEMA:
A person standing in the snow with a board.
AR

A person riding a snowboard on a snowy surface.
(d) 7~ fil4

MVTFF-IC:

A person doing a trick on a skateboard at a skate park.
HEEHA:

A person with a board at a skate park.

RELHRE:

A young person riding a skateboard at a skate park.

(e) RIS

2 MVTEF-IC A= i R i 25 2R
Fig.2 Image captioning results generated by MVTFF-IC
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