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CNN Based Transformer for Panoptic Segmentation

MAUO Lin, REN Feng-Zhi, YANG Da-Wei, ZHANG Ru-Bo

(School of Electromechanical Engineering, Dalian Minzu University, Dalian 116600, China)

Abstract: This study proposes a convolutional neural network (CNN) based Transformer to solve the panoptic segmentation task. The
method draws on the inherent advantages of the CNN in image feature learning and avoids increase in the amount of calculation when the
Transformer is transplanted into the vision task. The CNN-based Transformer is attributed to the two basic structures of the projector
performing the feature domain transformation and the extractor responsible for the feature extraction. The effective combination of the
projector and the extractor forms the framework of the CNN-based Transformer. Specifically, the projector is implemented by a lattice
convolution that models the spatial relationship of the image by designing and optimizing the convolution filter configuration. The
extractor is performed by a chain network that improves feature extraction capabilities by chain block stacking. Considering the framework
and the substantial function of panoptic segmentation, the CNN-based Transformer is successfully applied to solve the panoptic
segmentation task. The experimental results on the MS COCO and Cityscapes datasets demonstrate that the proposed method has excellent
performance.

Key words: panoptic segmentation; convolutional neural network (CNN); Transformer; semantic segmentation; instance segmentation
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Fe B 2, 20 AR B0 4% 0 2 57 T £ JAE R, DI TH 2 T IV P Al B 2 e 2 I 4% 10 SRRE BB 40 4
JEHEAE {by, by, b, by DAL T 450 6 5 485 1

SR X RSN %, A SCHEHE T Pry 1 Py B/ WA 2840 B A7 WL e,

S F A3 B PR N ELEA T S TR 1 LB, S04 000 T AU X 40 R I (0 S A, T Rt s 1 1
ST LA 2 5/ S B RO 0 T 78 0 7 20 G 0 S0 LR E R SRR A 1, [, 40
AL AT S0 BRI SR IOST., 7L, FRATMES T 3 MRS T 1 10 Lattice ZBUE 4 524 431 o
P PN 5 PR e o, S5t SR P e AT SRR 0. LR R0, 7 5 RO Align!®/sfe b s
HEFEl {by, by, b, by}, 25 MEHEA ML 22 PT | 253 Lattice R IS U5 13- SUHAE P pry

W7 FRRAEAE AR R ELYEAT [ 52 TR, RH HBRHEAT 4 0110 B T A I B A8 26 IR 402, 1K
SS90 2 2 S UL R 5 B e D i ., FRIItE, L7 b S B 3R S B — 1.4 8 e T2,
MR IR s<1 110 Lattice BUEIAHIFE H AR A0 S AT SRS M, AU A 0 6 3 BB, £R 4
HORLAE, 1IN SR S T 25 B0 S Lattice B2 Ui, S8 b SO SURFAE, TE XA SIS 23 PSL .
W) T P L4 1 4 2R AE I (b, by, by, by, TRATTEEH T 4 SRS H P, 347 3 B 4 TGN I REAT
ST RAE, FERI SRR AL R R A 3 4 NS5, A0 2 IR E R ps,

SIS AL WSS IR, 7500 PR 35000 90 28 W 5 MR AE IR (BRI, AR TR AT M P T By 28 203
SLREAE RO, 15 PSR PTS i 4L 5] 55 T XU BRS040 BT BT 46 . By BT AMBETBATE, 40 IR
s 1 pon HEAT R SRR PRI 2 5 e, 1T ey, R R 45 51450 B0 50 40 0 1 45

4 £ W

4.1 BUREFIERR

AR MS COCOP A Cityscapes® 4 #E8E1 T4 FLIR. MS COCO A2 H 137 5 AR 6 24 I8 4. 34T
fF I COCO2017 JRATEVNZAL T 118 000 Tk E 4, EIRAFAE A 5000 5K B4, Horh 4 4E 80 AN Sz 71 F1
53 AMHFEWZIN. Cityscapes J& 30 1748 I8 50 B 8, P TS0 25 B A8 11 52 28 1k, % 5500 B 2 A 50 0l s HL Bk
i M ISR AE 2 —. Cityscapes $Hi4E — LA 5 000 T )T, €045 3 000 FKINZRIE F . 500 5KIGEE] AT 1500 5K
AR, AT 8 RS2 HARRT 11 FhIE e, 9256 RICA Sy EIVR M 4 br, B &5 R (PQ). 7 5 &
(SO) FIEGI U (RO) KPtAli 5t ar #lgh . PO SO F1 RQ HoRUI T

D OUP®) TP
PO = TR 1 1 ®
TP+~ |FP|+ - |FN
TP+ 3 IFPI+ 3 |FN|
RO

o, IoU(p, g) FoRTUNRA % p 584 g WAZHEL ToU, TP FP F1 FN 43 278 IERIUCHD (7 21 B . AR T 10
3 S I PR RN 58 DT T 1) 2 S SR PR 3 AR 1 B AR 17 S H A R 78 4 A B 26 1) LR B, 4 i O™
PO™ KR,

FT PyTorch & B, BAEH T 4 4> GPU R UIZRBIAL, SRH T 55 3CHR [15] 2RI Z:E 19, J5¥ SGD
BEE N HAT 0.9 B8 A1 0.000 1 BUEIER LS. 48 COCO $iiifE b, MIZRIEARECH 400 000 Ik, 2 > H 4
240 000 F1 320 000 LA FEAK T 10 4%. 7F Cityscapes Hdli e L, YIZR LA E N 48000 7, 7EIEARIKEH
36000 I FRAK T 2% ) 28, 0T HoAb S g 4 =5y, FATRA T SR [15] &I S50 E. P, B ROI Align 415,
Ec, 78 24005y 37, Horp 2 s e o (i 2 s 50 T 3 )2 3x3 BBUZ. a2 IR O Lattice R 480,
MIIFFE Py —A 1x1 (S5 S Lattice HRIFRATINTERLS, b Lattice BHULIUNA SIS %5 .
4.2 KIGLERXTEE

AT MS COCO Al Cityscapes FHi 5 R H 7 vk 5 HoAh A5 0 B0 vEEHT 7 WL e 3 fiEk 4 piow,
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LLEE TN T CNN 4 5 BE Ge 50k, B G LA Xception71 4 =T DeeperLab Fl Panoptic-DeepLab F1 LA
ResNet50 24 T JSIS-Net®™ . AdaptISP4. Panoptic FPNP®, OANet!", AUNet!"*!., TASCNet!'”, SpatialFlow™
A1 UPSNet!".

#£ 3 MS COCO A=3t4r#52i6 45 Joxt b

Method Backbone PO PO" PO* S0 RO
DeeperLab!'! Xception71 343 375 29.6 77.1 43.1
Panoptic-DeepLab!'” Xception71 39.7 439 33.2 - —
JSIS-Net" ResNet50 26.9 293 233 72.4 35.7
AdaptIS®! ResNet50 35.9 403 293 — -
Panoptic FPNT® ResNet50 39.0 459 28.7 - -
OANet" ResNet50 39.0 48.3 24.9 77.1 47.8
AUNet!"! ResNet50 39.6 49.1 252 — -
TASCNet!"”! ResNet50 40.7 47.0 31.0 78.5 50.1
Spatial Flow!™” ResNet50 40.9 46.8 31.9 - -
UPSNet!"! ResNet50 95 485 33.4 78.0 524
CBT ResNet50 429 48.8 33.8 78.1 52.8
F 4 Cityscapes 454> E S 45 Fexf Lk
Method Backbone PO PO"™ PO™ SO RO
DeeperLab!"®! Xception71 56.5 375 29.6 77.1 43.1
Panotic-DeepLab!"” Xception71 63.0 - - - -
TASCNet" ResNet50 55.9 50.5 59.8 — -
AUNet!" ResNet50 56.4 52.7 59.0 - -
Panoptic FPNE* ResNet50 57.7 51.6 62.2 - &
SpatialFlow!™” ResNet50 58.6 54.9 61.4 - =
AdaptISP! ResNet50 59.0 55.8 613 — -
UPSNet™ ResNet50 59.3 54.6 62.7 79.7 73.0
CBT ResNet50 59.4 55.0 62.7 79.7 73.2

AR L, FEF CNN 14255 #) Transformer W45 (7)1 BEAL T IIATF 4 5 /0 2 553k, PO {E Lk UPSNet i i 2
T 0.4. 4E MS COCO #fli4E I, 5 H AL AL, CBT 1) PO F1 RQ iEH T ficiifl, 18 T 3T CNN [f) Transformer
AL AT 2. 4T Cityscapes #5484, CBT WISZHL T 4E PO, SQ Hl RQ iX 3 AMibs LIASTHIASE, YW TiX57%:
FE RO 5 A8 5L I EOKHE J7. 534 BRI K2, 5 304 4 5eor BT VEMIEL, CBT 78 PO™ M1 SO LR HA
FFEAST53 W], 3K R WU 2% Lattice 5 A A2 (1) R /NEE — 5 A5 2L BRI 17 194 28 0f BE B A0E K /s H AR RU31 E

X5 A H TR ALY DeeperLab. Panoptic-DeepLab Fl UPSNet 7E MS COCO I Cityscapes £ #4112
ATINTR)IRIRT LG, SERRAE AN GPU RS8R, K 5 ks T RN EEM E 451 PO LA RS N BIHG RAT 1
KN, B2 5 W, FEFFEAE A ResNet50 1624 EFIREEY, 5 UPSNet AHEL, CBT 7EA8 4T I )45 R/ I 1 L T
SEHL T At RS B W 4R T

7 LR T ARSI AIL 5 ONN BRI o B4 B, Ay 4E BRI AT H MR T 5. 18 7 TR K RT3 4T
ST CBT 714 JRtE oAb et BIIEAE 28 2 AT R b, CBT KSR wT AYRERf b 7 47 25 1) 5 2R 543 1
—ANTEHEIXS B CBT S EIMRHT AT 50 - BRI ek, a2 1 AT MR BRI RS 3 AT I AT 5 A 4.
WA PIAT B8 T CBT LE/MAA R 7 T A AL F. & ml AR 3 3 5 b CNIN S04 30 Um0 A 35 20 0 PR /N A, 13
WIT CBT $&HUAL T IRE ).
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RS5O IBfTI

Ak Method Backbone Input size PO Speed (ms)
DeeperLab™ Xception71 641x641 343 119
MS COCO Panoptic-DeepLab!'” Xception71 641x641 39.7 132
UPSNet!"” ResNet50 800x1300 425 167
CBT ResNet50 800x1300 429 174
DeeperLab"”! Xception71 1025%2049 34.3 463
City Panotic-DeepLab!'” Xception71 1025%2049 63.0 175

ityscapes

UPSNet™ ResNet50 1024x2048 59.3 202
CBT ResNet50 1024x2048 59.4 208

(a) Image (b) CNN (c) CBT  (d) Ground truth
K17 CBT M1 CNN [#)42 5 2 #1145 Bxt LE ]

4.3 HRLSCIG

FEAT R, FRATVTTF R Wb 2% RS IES (19 AlSE G, /M e AT I7E 2T CNN 1 Transformer P45 - I DhRERIAE .
ARSI E MS COCO RAE4E 18 #1A> GPU HHTIALE.
43.1 ML

F 6 WoR T Py (SEBI 5 I FH LS #8) Py G SO BT P %) PO b se gt 46 . AR T LLE Y, st
SIS IR Ts br PO™ AN PO™ BATW] BAR S, 7E PO LR T 0.9% [LERT ek, 33 IRl T e S 2 1) 3 A
8. PLy B NS R AT RRAE, S5 T RRAE R, R T AR IX A AN R AR BT BE ). Pry fHEAS R 40 4 SR A B
A E AR SR HE IR TS 5N 2% 5.

F 6 MS COCO W #4314 Fil S

Projector

Model Backbone (Ec) Thing (P, ) Stuff (Pr,) Extractor (E¢,) PO PO™ PO
M1 N R 38.1 44.0 29.1
M2 S N RN 38.5 443 29.8
M3 S v RN 38.2 442 29.1
M4 x/ \ N RN 39.0 44.8 30.1

Lattice A BUKAY: & 7 45 T JHVEWU 231 Lattice 25 BUBERY [ S0 45 . ARSI ) HE 2 I £0% 2 LASR 72 W0 2% 4y
F, R Lattice FAUSRL, I 2599 CIRTE S 530 4 R PRORUE I 25 oA 1A FE 8047 ISR 25 1 S04 Sl PERE EE
B HEAE.
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R 7 U, B Lattice T BURG B (K191, 7351 PR Z W =, [ Lattice 45 AU RGH &I (5747 ) 56 R A2
AR, JEHRAR AR Py RILH T S (O PERE, B8N 5 AR DRI 2 IR AT R AW R AT 3 B S A
TS AV B UE B as AT I B AR B LS BUHERA 7331, P 8 s T Lattice B ARBIR I AT AL 45 Lattice 4
BB SR P T 5 B i 3 O B8 I 38459 S0 883, J0E T Lattice AR SR b S X1 1A bk

7 Lattice 5 BRIV ik S 56
Model S PO SO RO
None — 38.0 76.4 477
P, S5 382 76.7 47.7
PL, S8, 383 76.7 479
Pis 512 383 76.6 477
PLs sl 38.4 76.8 47.9 ' ge i R -l
(a) Image (b) Py, (c) P, (d) Py, (e) Py,
8 Lattice X5 U Y Fym] MLAL XS LE
432 $EER

FATAESE R & P AT T8RRI 2% (R SR 2R 8 S TR B AN BE SR TN B By WSS 22 HI 4R
RS (IR 2 1 By v Pyy A1 Py AR, JFERRBI S AR BE N TT I By M. 3 6 1T IL, 24 Bo, B3 PIAME
SIRTTIN, 2 RIVERESAS, 7K 0.6% (AT, ABL T fEA S AERFE SO IO RE ). SR 1, 44 B s Crp s (1 4
RO, AL B IUAR, HOEBURA TR . DI, 7R SRR N T, W AR R AT 5 R i X T £
TR ISR, BI4A S50 AT B AN R T

® 8 MRS (m LoD

m PQ SO RO
0 384 764 48.1
2 39.0 76.8 486
4 379 76.0 47.2
6 377 76.0 47.0

5 4 1

AP T —FP AT CNN [¥) Transformer B 4%, FIl I CNN 75 B 4545 A @455 T R ok 58 e A3 AT 45 &
1A% 7 35+ CNN 1) Transformer [¥] 19 2 HEAE, 1A 4060, 55 P AN JEAS 4y, BRI —FREAE 028 60 f e S e 0 FH 65
TEAR I BRI A . S o ph 0L P 45 45 1) 5 R 1) Lattice 35 BUBERY S, T $R I A% rh FL AT VA S HE 2 fi6 7 10 2 o) 4%
SCUL. FEMELE R, MR A3 0 BT A5 I R TR, A RN ST g FI B 2%, FE 3k T CNN f4x 343 Transformer
W 4%,

AT CNN [ Transformer 1% 4 Transformer 7EALSEAT 55 P N TTRE T — 45BN 4%, 1AL EHGAFAE 1)
U EAS I B R0 F T R AL BE AT 45 CNN KYZE 11 Lattice ZFH BT T % B 43 1) 56 BB, 45 5 FA0E0E 32 e
BRI R AR TR 2 2%, BE T ONN ABE R W 48 3R 77— FPoBr R AE S U V.
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