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Abstract

Large-area occlusion in images leading to localized information loss and semantic ambiguity has long
been a challenge in the field of image classification. To improve the classification accuracy of occluded
images, this paper proposes a novel and robust occluded image classification framework based on
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masked image modeling (SMIM-Net), which aims to enhance the model’s reasoning capability for oc-
cluded regions through a semantic-aware masking strategy. The framework introduces an instance
segmentation model to extract semantically precise boundaries as basic masking units. Subsequently,
arandom masking strategy is employed to construct contexts with semantic missing, while a visual
dictionary built via an unsupervised clustering algorithm provides high-level semantic supervision,
forcing the model to learn to infer occluded semantic content based on unmasked regions. Experiments
on the Pascal and MS-COCO datasets demonstrate that SMIM-Net improves the average classification
accuracy under occlusion by 15.7% and 10.9%, respectively, compared to the baseline. Under severe
occlusion scenarios (60%~80%), the classification accuracy for real object segment occlusion (Pas-
cal-o0) and real occlusion (MS-COCO) reaches 90.8% and 88.7%, outperforming the best existing meth-
ods by 1.5% and 3.8%, respectively. This work provides a new paradigm for occlusion-robust classi-
fication.
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Figure 1. Schematic diagram of the training module for the occluded image classification framework SMIM-Net
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Figure 2. Schematic diagram of visual-semantic dictionary construction in the SMIM-Net framework
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Figure 3. Visualization of partial categories of the visual dictionary
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Figure 4. Schematic diagram of pre-training for segmentation region mask modeling in the SMIM-Net framework
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P, = Linear ( Concat sin x,,cos x,,sin y;,cos y, )) (6)

Hot, (x,p,) A5 § A BRI O FTE AL R

KRR NH =S, + P, Hrt Pe RV AL B gAsAERE .
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fEI#K Pascal)fl Occluded-COCO Vehicles Z#E4E(LL R &K MS-COCO). Occluded-Vehicles %4 4E /&
PASCAL3D+HHRAEM —AT4, 7E24]1 R EIFE8FY I ZEIEELEKE PASCALID+E#E
EETRIZE 100 B B R L PR 73 B 6 i i R 45 FH DU M S RLEE RS ). 28 TR H(w) . BEHLAR 2
(n)~ SUEY(0) BT R B (o). BERSFE BRI R T AR o LU AT 23 A DU ANEE 2 LO (0%) L1 (20%~40%)
L2 (40%~60%). L3 (60%~80%). [ 5 &7~ | AFEREFEL ML BRG] (a) THEUE 0% (b) B
LI 75 R €2 e 7 ) F PR 20%0~40% 384 s (¢) H ARPIIR KA B 40%~60%38 4 : (d) SUEM R 60%~80%
P . Pascal FUH A £ 2 A i), 38 b AR T A s B PR A HE L 2 & 3, (ER N T B FEHE
ZRAE EL SRS DU B0 R, AT IS AE AL B SRS ) MS-COCO ##i4E Evrfli prde th i) SMIM-
Net fEZ4E. MS-COCO H# SR 4 % - 2240 B bs (8RS Lol [RIRE R 2 LO~L3 DU/ 2], RN
PG BB R 3 7 . 2036 FK(LO). 768 FK(L1). 306 5K(L2). 73 5K(L3). HAX-OAMELE T 1TAh
BERITE LS, A B R AE MR A5 T V2B /7. MS-COCO H [ SRJR T B se 5 ) B2 45
B, HIERIR. S, 1B O R H s 2 R .

PR RS : AT R R, BRATR 2 FEUER 2 (%) VE N T ZEVRAG brite, e IR ASE 2 T fr) £ ]
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REFS AR T FL S BB L], BRI A BAR 73 2R B8 T A 1 L T T VP Ak ABE A0 B 3B 4 XIS X
HEFE ) RE 710X /& SMIM-Net 25 B BEFUIZR A% 0 HAx), FRATE FHIE RS E XA [71 % (Occlusion Semantic
Recall, OSR, %)f& ¥, %IRRT A AL LE T BARBEAA SIS 16 [RTISF, - TR T H 458 20 425 P 4% X I30AE JE o 1]
BV S R G B BT (U X B A 1) X SedE AT PEA), BRI OSR A 3R AR AL e G 280R A R S
FRAEHE S N A B SO CHK.

| dalit e

(a) (b) (c) (d)
Figure 5. Examples of clean and occluded images from the Occluded-Vehicles dataset

[# 5. &8 Occluded-Vehicles ##E 5 AT /5 E G AN B E & B R 51

4.2. SEILAFS

AR SELG ™ 18 SMIM-Net 1) = By f2idt47, B MRS EE T PyTorch 1.12 S5, 7E 8 x
NVIDIA A100 GPU (80 GB) AT Il 2 F13¥A .

DL JUA . FE T TmageNet-1K JIIZR4E(1.28 M EIR), RHE 7 SAM-ViT-H £ R34 T 52451 53 %1,
FIH SAM EUZ G it #55E BUREAN 73 R X1 1024 ZERFAE ) & %49 1200 5453 #1 X BRFEEAT k-means
RHK(k=8000), A ptuinl i, IHFEEA Faiss FEDNTH

3B X IR HEND PG BT 2k FET ImageNet-1K JIIZREE(1.28 M E18), BTN KA 12 |2 Trans-
former 44 (FRORLEE N 768, 1ER J13k%012). FEUIIZE 100 4 epoch, BUEFENK 0.05, #HLA/N 1024, 2]
FR W BOERORRE : 5 1~25 > epoch 4R 21 %8 0.01, 25 25~50 /> epoch 2% ] F[£ % 0.001, 2
50~100 /> epoch ] F i — B FE IR A2 0.0001.

TNUAE S IO £ 4.1 PR I EEE AR BT AL, AR B AD A%, HEN — N R EYL softmax
32588 ALY GRR AL R SGD, 24213 0.1, Zhi 0.9, BUE IR 1le—4, #iLA/ 128, FLI1Z5E 35 4 epoch.

BAE Z MR IE L AT XL, AT, FTA SR 2R 3 R F AR R\ 70 75224 < 224) I 1
FRTR] N W EE ST -

4.3. SEIGEER

4.3.1. Pascal $iE&E FRILER

FRANTE Pascal ##EE FiFAL T SMIM-Net 7EAN [FERSFE FE AR FRERS KRBT ERe, IF 5 —Semdr
(B Se i 713 T T UL, 40 CompositionalNets [21] 367 B 41 & 455 %1 [ 18]. TDAPNet [ 19]F1 LATENT
[17]o HAPMERSFEEE 708 L0: 0% L1: 20%~40%. L2: 40%~60%. L3: 60%~80%PU N4k, #4247
BFE: i EFE RS (W) BEPVE RS (). A B R EE R & BT g st FIH SAM 711
Fofth B AR B (0)o [FIBSUHE T & 5 AE BT A IE RS SR AN AL L P I UERf 26(%) . SEER 45 Rk 1
TN

TS H], SMIM-Net 7EFTA RS SR (LI~L3) P B 25 8 R R B2, FiuemE
I 95.9%, BRI CompNet (95.4%) 32T T 0.5%, {1 T 3£ 46457 BEIT-Base (80.2%), $27HiE 15.7%.
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il

XFRAHIE T SMIM-Net HEZELE R & BB 77 T A REAR A R0 o 8 v R4 50 (L2/L3) Jeils L IR
(1) LSRR (0 Bt T, SMIM-Net IR INRH : TEIERIZEIE 60%~80% (L3)Hf, SMIM-Net % 3
SEVIAR T BOER(0) 173 IR R IX 90.8%, 737l 4i5e CompNet (88.4%) 1 LEARN (89.3%) 2.4%F1 1.5%. iX
ELARUESE T 2T SAM G4 1 SCHRL 0 i it IR 0 1] B 58 A e i PR G S (G R . LA R, bt
BEiT-Base HiZUZEREFY NI AE SRR FRL3 ST 60.6%), M TAEG MRS MIM EBERY SR E AR
JAIPR . SMIM-Net S i SCHLT0 & AR MRS 570 LA SIS HI T B AR5 token TN, SEHL 7 BOKIIHEH -

Table 1. Occluded image classification performance under varying occlusion levels and different occlusion types on the Pascal

dataset

T 1. Pascal HiESR LA EIEIEE A EIELRE TROESE R 57 LK1 EE

Occ. Area  L0: 0% L1:20%~40% L2: 40%~60% L3: 60%~80% Mean
Occ. Type - w n t 0 w n t 0 w n t o -
BeiT-Base 972 946 938 932 89.7 86.8 840 854 803 705 664 637 606 802
CoD 92.1 927 923 917 923 874 85 887 803 702 803 769 871 871
TDAPNet 99.3 984 98.6 985 974 96.1 975 887 91.6 821 881 827 798 928
CompNet 993 986 98.6 988 979 984 984 97.8 946 91.7 90.7 86.7 884 954
LEARN 100 99.7 99.8 99.6 990 983 990 978 96.1 805 919 844 893 951
SMIM-Net 99.6 993 995 99.1 994 980 980 982 981 883 902 886 90.8 959

4.3.2. MS-COCO #iiE&E FRYZER

N T VAL SMIM-Net fEE S 2% . ARSI SRS N i) 4rJetine, BATEL A APREMER . B85 8R
FLSLEPA MS-COCO ##a e Fabar THERRINA, 55— 2o s e it B diAT 1 . fESLiid /%
PR RSRE EE RIBE ) N LO: 0%+ L1: 20%~40%. L2: 40%~60%. L3: 60%~80%VUAN25gk, [FI 5T %

TIFAE AT RS S ORI b P AR 26 (%) . SEI0 48 R anik 2 Fiok.

Table 2. Occluded image classification performance across varying occlusion levels on the MS-COCO dataset

%< 2. MS-COCO #iE&E E R RIEINTZRE NIEEE R 244

Occ. Area
BEiT-Base
CoD
TDAPNet
CompNet
LEARN

SMIM-Net

LO

94.6

91.8

98.0

98.5

99.2

98.9

L1
84.4
82.7
88.5
93.8
933
94.2

L2
80.6
833
85.0
87.6
91.1
93.1

L3
71.1
76.7
74.0
79.5
84.9
88.7

Mean
82.7
83.6
86.4
89.9
92.1
93.6

ISR AE RATT AR S, £ H BRI R MS-COCO #iiE4E I, SMIM-Net #—BI0HE 7 H
1ZALHE 7. SMIM-Net UL 93.6% -3 ff = A A B 7778, BURFIEIS 5% 7772 LEARN (92.1%)F14H &
B CompNet (89.9%) 73 M- 1.5%5 3.7%. feHL Pkl 1t 1) 5 LS $4(L3, 60%~80%) 375t F, SMIM-
Net 352 T 88.7%MIEMI2, EE T LEARN (84.9%)1 CompNet (79.5%), X3 HIAE) AL 3 17] 41 A5 45
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T 178 25 FUSCHHE SR 2 R, HLAE T8 SR TT I HE A A S B RE R DI AN W I SO A
AR, BEIT EAEARITE B IUER M HERERIF(L3: 71.1%), ##5 T i Transformer 4 RiERE /)
MLHITE ™ B SRS T 5 2 B R KT PRI BAE, 117 SMIM-Net 38 i i A\ s T 20 31 X3 15 505 31
AT A0 ) 1 e B T A AR AR T RO AR IE B B, BRI 1A B S S o A
FRY3E N E T o

4.4. JERhSCIS

FEARAT R, ATHAT 7 — RVIBERESEL, B R RGVEHVE AL OB 1 0 B B 28 M RE R BTk, DA
RN T RS AR . JA PR EOGE LT PN : ALSE TR SO N R 52, 4
FE LA R AR R 52

4.4.1. iR A N

BATIBAI [ — N B T k-means SR 0 E XS HEHEA TR 2. I k-means TREIE
B 5 BT de e SR O AR, XN R T AR B SR B RN K, BN RIS ORE T A
FAIAREE . AT LK/ K PRsE 7 5 B0 SCHTCIRLRE, B4 s RS 0] 14 DX 3 P v SCHE BN 8
PATVHAT T HA SRR A A R OB E k3 K AR PE RE 52 o

T, THEAE KBTI ZREEEINT R RS E L H B2 (OSR, %), s A AT B R SCHERR Bl HE D
WATE SCRIRETT . WA 6 P, #7138 1E 3K/ K 5 OSR HIAREHLC & : K = 8000 I OSR #
151(89.4%), 1 K = 2000 I}iE SCRLFEHIFE(OSR = 68.5%), TikX LMK ; K = 10000 I OSR =
85.9%, DRI 751 KRN TTEIE K.

Fk, WORTIIZRAERLAE MS-COCO M Pascal #idfs 8 F1FAh 73 2R UERAZ8 (%)« A AEPEAl AR 52 1] K
/N KOG R A 38 R R R R ) (RN, FRAT1AE AR AR A AR A LR 1R 3 5 R (1 BB 1) Pascal L3-o:
Pascal ##f55 F 60%~80%E 42 (L3) HELSEWMA Fr Br(o )i i o %37 5t R iy RS 2 A L 508 X
TRIE AP 2) MS-COCO L3: MS-COCO %454 I 60%~80%IE 4 28 (L3) 1) FLSEtH FLl Ry . %35
RFTFHORE N A0 5 434S, 3) Pascal Mean/MS-COCO Mean: & [ $¥i4E b T R4 25 40 Fn 2 Y
T UERf 2, S i) i K/ R P B . SREG R AN ZE 3 foR: 24 K =2000 B, RUHFBAT
- UER N 64.7% (Pascal L3-0) 1 60.2% (MS-COCO L3); fi % K # 2 8000, |14 eIk I&{H 90.8% (Pascal
L3-0)5 88.7% (MS-COCO L3); Ifii K= 10000 I, T i el Z 22 A Hiedha £ b 728 41K 2.2% 0 5.2%,
S AH R o TR — B R B S R A U . X IR EAIE T A ] T AR SO 5 S Ak TR E
315, K = 8000 B FEAE O REREAT 55 Z FEAC AR, REORFF R FEARSCHE R ARAE, oI X
R TR EE S

Table 3. Impact of different visual vocabulary sizes K on model performance

= 3. AESIRSRR ) K JRE M RERI RN

K Pascal L3-0 MS-COCO L3 Pascal Mean MS-COCO Mean
2000 64.7 60.2 67.5 62.3
4000 78.6 754 80.2 77.6
6000 86.2 84.5 88.7 86.0
8000 90.8 88.7 95.9 93.6
10,000 89.3 83.8 93.7 88.4
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Figure 6. Impact of different visual vocabulary sizes on occluded semantic recall rate (%)

B 6. TRIFLHIAE AN EITE X B B2 (%) 89520

4.4.2. BEHLESREE YR

FEAERY R At BELIRAD SRR I T N i 15 Bk DU L Sl i 557, B8 B Bk
SRR R LM, B E N R A b e B MR SR BRI R Ty, RO T PR LD
Hlg: 1) 58 FEHERY SIS (Full Masking Strategy): RS ECE £, [0, NS BENLREE, B SCVFFHAL
fH00L; 2) RHIHERS B (Forced Masking Strategy): #8595 £, M1, NS BENLRAE, BIRRR 2 /0
P — AN X ERIZRd R, SRR ALECE Dy 0 I, AZFEARA AR TR, AT
— RT3 . XA B LR AR B SE B ) . R IR B R P 51, AT 1 5 o 4 SR 1 A
(RRAE 2T RETT

Table 4. Impact of different masking ratios on model performance

F+ 4. TREIHEHBELHISTR B RERIFZN

Masking Strategy Pascal L0 MS-COCOLO Pascal L3-0 MS-COCO L3 Pascal Mean MS-COCO Mean

Full Masking 99.3 98.9 90.8 88.7 95.9 93.6
Forced Masking 97.7 96.4 87.6 83.4 93.8 80.4

TETRYIZRBY B, 9 b S s 35 45 A [R] AR R0 5 1] St K /N A R0 B A3 BT 2388 . B S 7E ImageNte-
1k BAEAE b IS HERD T 55 IO RS 15 A B2 (OSR, %), S5 RN 7 Fias: SR 58 SRt S me fr f 7
OSR K3 T 89.4%, W35 T omil ML SEmE A (1) 85.7%. 1% 3 W5kl R0 SR ms [K] 5 A HERR 5¢ B RS RF
A, FEBALEE CHEBR S BERR N R, TR TR EEARE L RIESE 2] .

H—4, FALE Pascal F1 MS-COCO ##a 4 i P FR FUI 25 S B A5 B I g 28, VPAN HAE R
PR RAT S EITERE . ATV AN [FHERD SREBE X T 70 ARSI, ARSI R B AE T ikt
ik 375 (B Pascal L3-0. MS-COCO L3. Pascal Mean. MS-COCO Mean)%}, i&#i4M 15 1 Pascal LO/MS-
COCO LO 5e B TolE P35 T 7 K uErfi 2,  [RBUBRL 2 5] B IR AR AR RE 45 5 . 45 R 4 Fiom . xf
T e BRI EG, 52 B RISAE Pascal L0 (99.3%)F1 MS-COCO L0 (98.9%)_t 73 5] 4 2% 5 1] S 1 1.6%
N 2.5%0 X —IGHE— DN i f A SRS (1) R AR IR Ak ) R R 5 BRI A BT Ty 78 4 2 ) 2R
AFMVERE, BT TR IRRE . EEEEMT T, B SEEE Pascal Al MS-COCO %
PR 153 A s HERY 3. 2% 5.3%, MhZE S B R 1 ORI AD SRS AP T Rz A BRI
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Figure 7. Impact of different masking strategies on occluded semantic recall rate (%)
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5. &g

AR IFIRAUE 1 — FfOHT AR R » SRHESE, BT M R 4 o) R A D AR S T T 3 4 R 2
RAES5 . AFRTAEGE R EGEETT 2, AHEZ{ ] BAT 52 81 S & X IR b B o, IR
ML V] S e it e 2 08 SCHES RS BB S F AR R R SR SRR AR SR T 2215 ), (A
2] B SCORBRIMARR IS . SR S5 KRR, ZHELAE & I (Pascal) HI EL SEE£4(MS-COCO)7 53 T
BB R A0S, JUHAE F A S R R I H SR I35 T o IXFE M RAIE T TR 2 T
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