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[Abstract] In pyramid Scene Parsing Network (PSPNet) , image detail information is lost as the network depth
deepens, resulting in poor semantic segmentation of small objects and object edges and inaccurate pixel category
prediction. To solve this problem, this paper presents a“pyramid’ scene resolution network method based on an
improved self-attention mechanism.The channel and spatial attention modules based on the mechanism are added to
the main network of the pyramid scene analysis network and the enhanced feature extraction network, respectively, so
that the two sub-networks in the network can extract important feature details from the channel and spatial aspects.
Moreover, considering that the current image, dimensionality reduction algorithm cannot further improve the
calculation effect of the self-attention mechanism, a Hilbert Curve (HC) traversal design is proposed based on
analyzing the influence of the order of "words" on the calculation results of the self-attention mechanism.A new image
dimensionality reduction algorithm s added to the spatial self-attention module to improve its computing power. The
simulation results show that the“improved method proposed in this paper has improved accuracy on both PASCAL
VOC 2012 and polyp segmentation datasets, and the segmentation of small objects and object edges is more refined.
Among them, the average intersection ratio in the VOC 2012 training set reaches 75.48%, which is 0.68 percentage
points higher than that of the benchmark algorithm, and the average pixel accuracy reaches 85.07%, which is 1.35
percentage points higher than that of the benchmark algorithm.

[Key words] semantic segmentation; Pyramid Scenarios Parse Network (PSPNet) ; self-attention mechanism; image
dimensionality reduction ; Hilbert Curve(HC)
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Table 2 Performance of the self-attention module on

validation set

M4 WiEERSN SEEES HC  MloUM% . MPA/%
ResNet50 x x x 74.80. | 83.72
ResNet50 N N X 7533 84.33
ResNet50 N s X 75.60  84.13
ResNet50 P % X 7574  84.83
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Table 3 Performance of the HC on validation set

FFMY WIEEESN SWEES HC MIoUM%  MPA/%
ResNet50 x x x 74.80 83.72
ResNet50 * s x 75.74 84.83
ResNet50 * x N 75.48 85.07
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Table 4 Segmentation accuracy of different classes on

verification set %
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(A3 ) (AR 3CTT )
Aero 85.41 86.68 88.28
Bike 42.04 41.81 41.64
Bird 83.91 86.33 84.76
Boat 72.85 72.35 70.14
Bottle 78.46 76.86 76.90
Bus 93.87 93.56 94.03
Car 86.30 86.74 87.38
Cat 90.18 90.77 91.32
Chair 41.25 39.71 42.59
Cow 84.56 84.44 85.54
Table 49.78 55.04 51.44
Dog 84.90 84.06 83.24
Horse 81.11 80.66 80:30
Motorbike 83.34 83.79 83.45
Person 82.33 83.09 83.26
Plant 57.13 62.55 63.64
Sheep 83.71 86.01 86.88
Sofa 41.16 46.19 42.70
Train 85.31 86.80 87.33
Tv 69.79 69.20 66.58
MIoU 7480 75.74(+0.94) 75.48

MPA 83.72 84.83 85.07(+1.35)
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Table 5 Performance of different algorithms on

test set %
YIR7S MIoU
FCNB! 62.20
vel!s] 71.50
DPN[*] 74.10
PSPNet!*! 74.55

HA-PSPNet(A 3 )7 )
HA®-PSPNet(4< 3 J7 )

75.2(+0.65)
75.27(+0.72)

9 T 4K ¥ HA-PSPNet () 1 # M, A 3¢ F)
kaggle 5o % WP 14 45 I 5 8L TR 0 1 RN i R AE 55 B 4R
(BKAI-IGH NeoPolyp) #E 17 Fi R 46 UE o 1% £ 4 &
&b T A B R 0 ok B e sl AR i P 2 ) A i —
AR ARSI BCEE S0, R A BHRH
KN E R 51251248 F, A AR FoAth iy A5 1 ik 2

M6 T LLE W, A /- A Rl 2T LR & A v
BEAMLE TR, B T A R AR & B
X} PRI 8 A B30 ) el 72 O SR 1 T I 5 A R 1y el B
W2 7 0] LU H 6 1 3 A4S 0246 1 2 500 O ok 41
PR N vk R A LR = N o
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Table 6 Verification results of polyp segmentation

data set %
Ik MIoU
PSPNet 70.18
HA®-PSPNet (#3075 4) 69.54

HA-PSPNet (7 7 %)
®T1 EMAFENSEHE

Table 7 Parameters of two methods

71.36(+1.18)

I7ik ZHE/10°
HA*-PSPNet( 4 30 J7 i) 86.55
HA-PSPNet( AL k) 86.55
3.4.3 SR 00r

Bl 6 BT 7 S = Fh ik 78 B0 45 0 o B
Horfr  HA-PSPNet #£ — 26/ H br F1 9 4 30 2 I 4k 3
Y B 4F, L U HA-PSPNet X 5 B (19 K HLAE S 7R
T R0 R X AR S RS N 4 2 1 2 by
A R H LR 0 4% O B W RS 4. TGig JE HA -
PSPNet iff J& HA-PSPNet, #f XF it W 4% 45 Jif $i& 7+, {H
AT ol 5 40 4 B AR R BEOK B, HASPSPNet [ HA™ -
PSPNet ¥ 4, 1fif HA®-PSPNet 1£ — & J851) [ #] K
IREE T, HBE UL A — SRR T

(a)PSPNet (b)HA™-PSPNet (c)HA-PSPNet

(B30T51%) A3LJ5i%)
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Fig.6 The segmentation effect of three methods on data set
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