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Fig.1 Challenges in food image segmentation
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Fig.2 FoodSegl03 examples
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Fig.3 UEC-FoodPIX Complet examples
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Fig.4 The overall architecture of the model
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SeTR -Naive!™ Swin—Transformer™ RelLeM-SeTR -
Naive!™ SeTR-MLA™ FoodSAM", {4 fry % L 4
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Table 1 Comparison with other segmentation methods on FoodSeg103
48 5 7 ik mloU/% mAcc/%

Rl FPN®! 27.67 38.36
st A 2 ReLeM-FPN!"! 29.13 39.99
T RRZE 3 DeepLabV3+ 31.04 42.66
s B 4 PEMP! 33.98 45.73
xR 5 CCNet!" 35.57 45.45
AR 6 ReLeM-CCNet"™ 36.35 47.08
xt B8 40 7 Segformer'® 38.67 48.96
At 48 Upernet™ 39.80 52.37
st R4 9 KNet + UperNet* 40.18 52.01
xR 10 STPPN!™ 40.30 53.98
s 11 SeTR-Naive!" 41.30 52.70

x4 12 Swin—Transformer"! 41.60 -
st RRZE 13 ReLeM-SeTR-Naive!™ 43.90 57.00
R 14 SeTR-MLA!! 45.10 57.44
s 15 FoodSAM" 46.40 58.27
K (R EREAR) DDP 47.82 60.49
KB (A X FE) DDP-FPN+CLIP+CBAM (DCC) 48.46 60.22
RBE3(RLF *k) DDP-FPN+CLIP+CBAM+Self—distillation (DCCD ) 47.93 58.65

2 =" FR RS SR B A OB
% 2 7 UECFoodPix Complete ##5& F 5 HEE 4 EI A XML&
Table 2 Comparison with other segmentation methods on UECFoodPix Complete
28 5 7 ik mloU/% mAcc/%

xR ] FPN®! 53.34 67.21

it 4E 2 YOLACT® 54.85 -
xR 3 Rel.eM-FPN!) 57.34 71.36
st R 4 Upernet™ 59.35 74.44
xRS GourmetNet™® 62.88 75.87
xt PR 4 6 BayesianDeepLabv3+ 64.21 76.15
xR4T CCNet™ 64.62 77.50
R84 8 KNet + UperNet™ 64.88 76.94
B2 9 DeeplabV3+%! 65.61 77.56
R4 10 FoodSAM!"I 66.14 78.01
R4 11 Segformer'* 67.5 78.97
a4 12 Swin—Transformer"! 67.72 79.13
KIEA (R EREAR) DDpP! 74.64 84.59
RBEE 2 ARXF k) DDP-FPN+CLIP+CBAM (DCC) 76.62 85.63
RI A (AT k) DDP-FPN+CLIP+CBAM+Self-distillation(DCCD) 75.13 84.65

=" IR SO R A MG K

Transformer!™ | AR XF L 45 R AN 2 Frw .,
MR 1SS SR E AR SO RLLE Food-
Seg103 %5 % 9 mloU #8515 2 T H A & & bk
S IF B $5c 4F 1 FoodSAM A5 éu
RIS 151 AN E AL, HIEMERIR DDP & R,

(SOTA) PERE , H 24 [ 2

g]'
f?{-c

k3] SOTA PEf

0.11 4~ eI fERL TR DDP 5

FEAH , AR 2 X 25 TR AR SCRY R
ECFoodPix Complete {45 4E I+ 2 A~ 1FAfiH5
g, mloU iK% 75.13%, Lt
IS TF I e B 1 Food SAM #5584 75 8.99 AN 43
0.49 4~ E 4
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TH Al 1 S0, HAR R

2.2.1 DDP-FPN 73 #ERIR DDP (3 b2
il FPN ik o 38 2 050 & 3, DDP-FPN 5% %l 7%
FoodSeg103 #4454 I tt. DDP (e 0.34 ™~ F
15, 1E UECFoodPix Complete 44 I & 0.87
AHSr M, X AR BT FPN #EHUE & H TRl a
K B ASFEZ WA REAE L, i TR B AR
B VAR T R 2% ConvNeXi-L 7ERRIE $2 HUAE 11 E
TR, RIS SRS T BB AF 7ERHIE Z 1)
HITCAY , BT AS BB e PR RE B2 T, Rl I s 4 5 #
S 1€ DDP-FPN #58 JL il [ iE47 55 0F

222 CLIP AL HAH  CLIP s —Fh e -4
X () T ke Z2 RS A A A 1l 2 5500 A A
SCAS Gt 25 R EMG G i 248 o SO G iy i v 4 e
W R Ty, DR R 5SS o AR
T390 Ui Ak S i 5 A AR Ry il B AR 1Y e
CLIP () SCA 4 % % 8 i A AR “A photo of
{object}” fiHk T A FAA B 3] M4 s ) 5 | RS 1Y) P
AL SO I 5 4 BB A — SR IR, %
BLTIF T8 B o 8 46 ol A B R L
PRI BRI AR AR H K AF, AP B ER
rh LSRR A 1) B A3 SCASE B LA ) - 1 TE A S
A i ARSI 5 A R 0 1 0 5 2 1R AT RE
3R 3 Pros  #ad Al A CLIP § 5 7638 43

F A R R B CLIP J5 A A MRS T 4 i
PEBE ., IER] CLIP SC/A 4 fith v a8 5 4 B ot R b
J3 00 SCAAT B A 80 BB P g B 7 O3, S
4 T AT B2 £ R 1 UE R, BRI AL T
S A B 5 AR5 RE D .

2.2.2.1 CBAM(Convolutional block attention mod-
ule) B IZBIIEE S T E TE & I ML (Chan-
nel attention mechanism ) Fl175 8] {3 & J1 #L il (Spa-
tial attention mechanism ), F T 1% 5 ¥ FH pf 25 5 2%
TERFAE A G A i () R AR RE ), 4 3 TR, A3
W TR CBAM B X HERE R SE W, 2 1
CBAM #5% Je X 7= 4 U 75 22 8068 b b & 4% 1E 18] 4
FH o 33X AT BB A R R 18t A i % 70 24 BB
FURRFAE, J8 T CBAM A5 B £ i A58 20 X 18 3 Ay
RS (B0 B ) G TR BE, R A% Y I 228 0 2% B 4
Hby 2 ) FIR FHARFAEAS S, DU I 21 4 455 40 1 i
IRCR .

Wik 3 S5 R, AR SCHR Y J7 B AE Food-
Segl03 F1 UECFoodPix Complete %% #i& % F mloU
FEPR A N R AR FE By MR T, Sl T AR SO i
A BT R B R AR SR B B SR, mAce
18 ¥5 ££ UECFoodPix Complete AR E LEST
1.04 1~ H 43 s, 1E FoodSeg103 I AH 4 T 3 i Jy v
WAERT, XATHEJE A mAce /2RI ITA 26
() °F- B HERG %, T FoodSeg103 H i) B4 77 46 2
WHE S OS2 0 o S A M LA
G, PRI IHG 52 0 2 A 11 53 28 ME AR %

£ 3 XBERFERIXE
Table 3 Ablation tests of key modules

E &2 FoodSeg103 & 3% 4 UECFoodPix Complete % # %
DDP-FPN CLIP CBAM mloU/% mAcc/% mloU/% mAcc/%
47.82 60.49 74.64 84.59
VvV 48.16 60.29 75.51 83.89
VvV VvV 4833 60.34 76.07 85.33
vV vV 4831 59.96 75.87 86.20
V Vv V 48.46 60.22 76.62 85.63

VAR PO A R,

2222 ZEEMEGIHTRX ETIAR MRS X—
AR BRI IS UE T ANl SCARHAE RS
FRAESEAT ARG, SRt 2 Ahals or X, /i,
concat Fl add, Hi# E4EHATHEE$E , J5 # 1E

IEAERE E AT RRAEAR AN R A5 RN 4 s, W
T ICARR AR A SR 1) 2R SR A TT 5K, B
RE A RN B AR AL 2 e 1R 8OR S  3R Y 1 T
B YRR AT RRAE AN, AR 25 TR R 1A A A
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Table 4 Ablation tests of multimodal fusion modalities

- FoodSeg103 # ¥ % UECFoodPix Complete % #% %
s REBET X
mloU/% mAcc/% mloU/% mAcc/%
concat 48.0 59.40 75.74 85.95
add 48.33 60.34 76.07 85.33
2.3 EMSH ST AR PERE L XIS A CLIP SCAR AR 3

K5 JE R il CLIP SCARRR RS AT 5 P, P 6 i B0 18 SCAE B AT A B R 1 42
A AE 22 5, 6 T DDP-FPN J5 i f DDP- B, 5 B AL AE & 0 G L SE 8 T8 S B
FPN + CLIP J5 i ik g 25 4L, A B A CLIP J5 /Y PERESETT
BLRL LY DDP-FPN J7 3 75 £ il 4318 A 2R

(a) 5] (b) FLSAH (¢)DDP-FPN (d)DDP-FPN+CLIP
5 HEE AN CLIP . /5 87T 4L 3t bk
Fig.5 Visual comparison of the model before and after adding CLIP
6 J&/5 DDP-FPN #RI7E /A CBAM & CBAM 28 i o HCi 18 V8 58 ) ML A 2s (e TE R )
JIREHHT 5 AT XS e, R R B A BL, R TS AR N A TE B R R IR SR I
CBAM H5 B Ji5 #5080 75 7 F0Rs B b B MER , U0 WP HIRAERE T .

(¢)DDP-FPN (d)DDP-FPN+CBAM
B 6 #EMAN CBAM Bl EHIFT AL 3T bE

Fig.6  Visual comparison of the model before and after adding CBAM
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Fig.7 Visual results of different multimodal fusion methods
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DCC 7] LAIE AR U 4326 51, B 2248 )5 , DC-
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B E B R AR Lo EIRE EE A — s 3T
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Fig.8 FoodSegl03 data set visualization results
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Fig.9 UECFoodPix Complete data set visualization results
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“b
He o

3 Hig
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Bl A5 A0 B 2 0L 7 2 i P 503 0 w4 A Ak
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Ingredient—guided Multimodal Self-distillation for Food Image Segmentation

Min Weiqing”, Wang Ruiping?, Jiang Shuqiang?
(‘Shandong Normal University, Jinan 250358

YInstitute of Computing Technology, Chinese Academy of Sciences, Beijing 100190)

Hou Sujuan', Sun Yuejuan',

Abstract Objectives: With advancements in computer vision technology, accurately identifying and segmenting various
components in food images has become essential for food nutrition analysis and promoting healthier diet management.
However, most existing image segmentation models rely solely on a single image input, which often struggles to capture
subtle distinguishing features in food images with minimal visual differences, ultimately impacting segmentation accuracy.
This paper addressed the limitations of single—modality approaches in segmentation tasks by incorporating text information
to provide richer contextual data for the model. Additionally, it leveraged self—distillation techniques to guide the model
in effectively segmenting food images. Methods: This paper proposed a multi—-modal self—distillation segmentation model
guided by ingredient information to improve food image segmentation. The model leveraged the comparative languaged
pre —training model ~ (CLIP) to capture ingredient information and fused it with image knowledge. By combining the
strengths of the diffusion model in dense prediction, the model achieved accurate segmentation of food images. Results:
When evaluated on the benchmark dataset FoodSegl03, the model achieved an mloU of 47.93%, surpassing the current
best—performing FoodSAM model by 1.51%. On the UEC-FoodPIX Complete benchmark dataset, the mloU reached
75.13% , outperforming the FoodSAM model by 8.99%. Conclusions: The proposed multi-modal self-distillation network
demonstrated strong performance in food image segmentation, showcasing the effective role of ingredient information in
guiding segmentation tasks. This approach significantly improves segmentation accuracy and presents a promising solution
for food image analysis.

Keywords food image; image segmentation; multimodal; self-distillation



