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Dual branch weakly supervised semantic segmentation
based on activation modulation
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2. Key Laboratory of Pattern Recognition and Intelligent Systems of Guizhou Province, Guiyang 550025, China)

Abstract: Semantic segmentation with image-level annotation has been widely studied for its friendly annotation and
satisfactory performance. Aiming at the problem of sparse activation regions and semantic ambiguity between
foreground and background of class activation maps, a dual-branch weakly supervised semantic segmentation network
based on activation modulation is proposed. The network uses Resnet50 and Vision Transformer as a two-branch
feature extraction network, and designs an activation modulation module embedded in the convolutional branch, which
forces the model to activate the intermediate fraction of pixels to generate a compact class activation map, thus
alleviating the problem of sparse activation regions of class activation maps. Second, a dynamic threshold adjustment
strategy based on cosine annealing decay is proposed, which adaptively determines the highest background threshold
during the training process, so that more low-confidence foreground pixels are involved in the segmentation training,
and complete and accurate segmentation maps are generated. The effectiveness of the network is verified on the
PASCAL VOC 2012 as well as MS COCO 2014 datasets. mlou values are 74. 2% and 74. 0% on the PASCAL VOC
2012 validation and test sets, respectively, and 45. 9% on the MS COCO 2014 validation set. The experimental results
show that the network can solve the mis-segmentation problem and achieve excellent segmentation performance in
scenes with similar front background colours.
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Fig.1 Activation modulated two-branch network architecture
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Fig. 2 Activating the modulation module
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Table 5 Analysis of different combinations of activation
modulation module methods %
AT CAM Aux_cam Seg
BiR 72.3 67.1 71.4
CikEl 73.5 69.0 73.3
2.3 5E#EEHLER
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Table 6 Comparison of pseudo-labelling performance
on the PASCAL VOC 2012

ViReS AR Train/% Val/%
MCTformer”’CVPR’22 V1_WR38 69.1
RCA™CVPR’22 V2_VGG16 71. 4
ACR™ CVPR’23 V2_WR38 72.3

AFA"CVPR’22 MiT_BI 68. 7 66.5
ToCo™ CVPR’23 ViT_B 72.2 70.5
ClusterCAM™ Access’24  Deit_S B 71. 4
"3 ViT_B 74.9 73.5

PEBE AT 10 170 W B B 55 W B0 Lo 0L 05 6 17 R SR B BE
55 W R SUAYED ,MS COCO 2014 3 5 T 4 2, % 55 W ¢
B E T BAPREE . R 7 AT, AR SO IR TR I B
$E b 3RAS Bl A B AR 45. 950, 5 B B 55 W B S 4
J7ik LPCAM A EL, BA 0.6% MITERERG 25 . 5 R AR
H TR ToCo ML, A 3. 6% MIMEREHEZS .

& 5 B s 9 5 PR B ToCo 77 ¥ FILAS SC 7 B 7E MS
COCO 2014 BHF4E L srHI45 R, SCmmas LR, Rl £

£7 MS COCO2014 HiEE N EIMERELL &R

Table 7 Comparison of segmentation performance on
MS COCO02014

ik Hﬁ% 2k COCO

7 T Val/ %

SEAM™ CVPR’20 I V1_WR38  31.9
L2G" CVPR’22 I+S V2_Rlo01l 44. 2
MCTformer™""? CVPR’ 22 1 V1_WR38  42.0
ACR™ CVPR’23 I  V2_WR38  45.3
AdvCAM™™ CVPR’21 I V2_R101 44. 4
URN"™ AAAT’ 22 I V2_R101 40. 7
ESOL™ NeurIPS’22 I V2_R101 42.6
BECO™ CVPR’23 1 V3_R101 45.1
LPCAM™ CVPR’23 1 V1_WR38  45.5
OCR™’ CVPR’23 I  VI_WR38  42.5
SCD™ AAAT’23 1 MiT_B1 40. 1
AFAT CVPR’22 1 MiT_B1 38.9
ToCo™*' CVPR’23 I ViT_B 42.3
ClusterCAM"" Access’ 24 1 Deit_S 41. 8
SLRNet™ IJCV’ 22 I WR38 35.0
ENS'S I ViT_B 45.9

(a) B

(a) Images
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Fig. 5 The MS COCO 2014 dataset segmentation results
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Table 8 Comparison of segmentation performance
on PASCAL VOC 2012

g s VOC
ik st i Val/ Test/
] X LS % %

SEAM" CVPR’20 I V1 WR38 64.5 65.7
L2G™ CVPR’22 I+S V2 R101 72.1 73.0
MCTformer” CVPR’22 1  V1_WR38 71.9 71.6
RCA" CVPR’22 I+S V2 R101 72.2 72.8
ACR™ CVPR’23 I V2 WR38 71.9 71.9
AdvCAM" CVPR’21 1 V2 _R101 68.1 68.0
URN'TAAAL 22 1 V2 _R101 69.5 69.7
ESOL™ NeurIPS’22 1 V2_R101 69.9 69.3
BECO™ CVPR’23 1 V3_R101 72.1 71.8
LPCAM™ CVPR’23 1 V1 _WR38 72.6 72.4
OCR™ CVPR’23 I V1 WR38 72.7 72.0
SCD'"W AAAT’23 1 MiT Bl 67.3 67.5
AFA™ CVPR’22 1 MiT Bl 66.0 66.3
ToCo™ CVPR’23 I ViT B 71.1 72.2
ClusterCAM™" Access’ 24 1 Deit_S 70.3 70.7
SLRNe™ 1JCV’ 22 1 WR38  67.2 67.6
AL I VIiT B  74.2 74.0
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(b) Ground truth (c) The AFA method (d) ToCo method
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Table 9 Segmentation accuracy of different algorithms on the PASCAL VOC 2012 validation set %
Jr ik bkg aero bike bird boat bottle bus car cat chair cow
SEAM 88.8 68.5 33.3 85.7 40. 4 67.3 78.9 76. 3 81.9 29.1 75.7
EPS 91.7 89. 4 40. 6 84.7 67.0 71.6 87.8 82.7 87. 4 33.6 81.9
SCHk[23] 90. 3 79.3 35.2 83.6 63.6 71.9 80. 3 74.9 84.5 30.5 79. 8
SEC 82.4 62.9 26.4 61.6 27.6 38.1 66. 6 62.7 75.2 22.1 53.95
MCOF 87.0 78.4 29.4 68 44.0 67.3 80. 3 74.1 82.2 21.1 70.7
SBCN 90. 2 78.5 34.0 83.9 62.7 71.9 77.5 73.8 84.5 29.0 77.0
DSCP 88.9 77.6 31.3 73.2 59. 8 71.0 79.2 74.5 80 15.1 73.3
CIAN 88.2 79.5 32.6 75.7 56. 8 72.1 85.3 72.9 81.7 27.6 73.3
A3 92.2 83.3 44.9 84.7 63.5 78. 6 84. 8 80.5 88.7 37.6 87.5
Ik table dog horse mbk person  plant sheep sofa train tv mlou
SEAM 48.1 79.9 73.8 71.4 75.2 48.9 79. 8 40.9 68.1 51.6 64.5
EPS 37.3 82.5 82.9 76. 6 82.8 54.0 79.7 39.1 85.4 51.7 71.0
k23] 52. 8 69. 2 76. 2 66. 3 81.9 47. 6 70. 6 37.9 63.1 63.3 66. 8
SEC 28.3 65. 8 57.8 62.3 92.5 32.5 62.6 32.1 45. 4 45.3 50. 7
MCOF 28.2 73.2 71.5 67.2 53.0 47.7 74.5 32.4 71.0 45. 8 60. 3
SBCN 51.5 66. 7 75.9 65.7 80.9 45.1 68.6 37.8 63.5 61.0 65.7
DSCP 10.2 76.1 72.2 69.1 72.1 39.9 73.9 14.6 70. 3 53.1 60. 8
CIAN 39.8 76. 4 77.0 74.9 66. 8 46. 6 81.0 29.1 60. 4 53.3 64. 3
A3 55.8 83.9 86.7 74.7 83.0 65.9 89.7 59.7 64.1 67.8 74.2
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