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Feature soft fusion and positive-negative sample contrast for weakly
supervised object localization
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(1. School of Electrical Engineering and Automation, Henan University of Technology,Jiaozuo 454000, China;2. Henan Province

Key Laboratory for Intelligent Detection and Control of Coal Mine Equipment, Jiaozuo 454003, China)

Abstract: In weakly supervised object localization tasks, using hard fusion to combine deep and shallow features can
cause the network to overly focus on discriminative regions or mistakenly identify the background as the object. To
address this issue, this paper proposes a weakly supervised object localization method based on soft fusion of deep and
shallow features and positive-negative sample contrast. First, the proposed soft fusion strategy for shallow and deep
features generates foreground prediction maps from both shallow and deep features by designing a foreground
generator. Then, a reverse supervision operation is applied to guide the network in gradually learning multi-level fine-
grained features, achieving mutual optimization between shallow and deep features. Second, based on the concept of
contrastive learning, a positive and negative sample contrastive loss function is proposed. By constructing positive and
negative samples, the network is guided to focus more on the foreground regions during training while suppressing
background noise interference. The effectiveness of the proposed method is validated on the CUB-200-2011 and
ILSVRC-2012 datasets, achieving localization accuracies of 95.77% and 72.90%, respectively. The experimental
results demonstrate the effectiveness and applicability of the proposed method in weakly supervised object localization
tasks.

Keywords: weakly supervised object localization; soft fusion of deep and shallow features; positive-negative sample

contrast;foreground generator
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59005 B S ] R Bk R, 8 B B bR € 1V (weakly
supervised object localization, WSOL) & 7 i~ i1 5B AL
B AT B 5T IS . WSOL il 3 AN 1 A2 7 BUR P bn &
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RLAF B S O B 0 AR 5 1 B 4R A W B 114 37 B 42
BE TR TR

YRy — Tl i A 1 5825 R, WSOL 76 i X & 2% Fl
Z AL B8 AT 55 R B TR KAV 7, S 59 W A 3T O ik
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Fig.1 The network architecture diagram of our method
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Fig. 2 Multi-Scale deformable grouped residual module:
M, as the pseudo-label
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Fig. 3 Multi-Scale deformable grouped residual module:
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Fig. 5 The impact of background noise on localization results

in complex scenarios
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FE AL PERE  BE 5 TE UL H S 4% 75 ANl ToU BIME (0 €
0.3,0.5,0.7) THENMBE . ¥ &M MaxBoxAccV2 {H
FEW H bR 5 L 0 T
2.2 XA

AR 2 A SR 4 EATAS T AR SCRY 7 B, LR
VGG16.,ResNet50 F1 InceptionV3, FEYIZkid 2 H, A 0K
g ARG KN L S 256 X 256, SR IS BEHLER BTy 224 X
224, PRI A SO T BN BT BRI AL R, 2
2 0,001, HoR A 10 5200 . # CUB-200-2011
FILSVRC-2012 $¥E4E I, fib s KN Bl 32, AR SCHY P
BRI ET PyTorch TREE2: S HESL, H T A 55 10 ¥ 4 1L
H A Ubuntul8. 04. 6 LTS #:4E R& MW IR S5 #% L3847, 1% iR
S PEE T — A 24 GB B AFHY Nvidia GeForce RTX
4090 GPU F1—3K Intel Core i7-12700 bR Z$,
2.3 HBLSIS

hT TR R WK R R AE O A B He i /R, 7E
CUB-200-2011 4 4 [, A U VGG16 1E S FRAE 42 B
W2 SRR AR Ly, T R B w, M w, HE4T T I il
TGRS TR A RN R 1 R,

Fx1 FREHREAPMNAREBERERSN
Table 1 Ablation study analysis of the weighted coefficients

in the soft fusion loss %

A Z # CUB-200-2011

(0, swy) Top-1 Loc  Top-5 Loc  GT-known Loc
0,1) 63. 23 79.12 82. 47
5,1 68.93 83.28 88. 90
2,1 69. 36 83.74 89.23

(1,1.5) 70. 68 85.33 90. 82
(1,4) 69. 66 83.97 90. 32
(1,8) 68. 24 83.31 89. 87
(1,0) 65.57 80. 64 85.16

TV 2 I R A A R PNSC A58 M 2 B 42 T 4% 14 58 it
PERE. AN, W51 WA B B, BDAS SCH 5 2 o B AR
Top-1 Loc, Top-5 Loc. GT-known Loc 3§ %5 b ik 8] T
70. 68% .85. 33% ,90. 82 % 1 5E L HER K .

R2 AXFEPENMRREALE

Table 2 Ablation experiments on each module

of the proposed method %
S (/UBZZOOf?Oll‘
Top-1 Loc Top-5 Loc  GT-known Loc
Baseline 53.45 65. 46 70. 39
+ERL A 68. 93 83. 28 88. 90
+PNSC 67. 85 81.83 86.97
AT 70. 68 85.33 90. 82

2.4 FLEsRIE

ARICHEE T L FhORRAE B M 4%, ¥E CUB-200-2011 Al
ILSVRC-2012 45 & L, 5 H flh WSOL J5 ¥k # 47 T
3.

%3 BR T CUB2002011 ¥4 4E b, HE T
VGG16 FEARHE UM 45 , A< SCHE Y J7 vk 5 HoAlh WSOL 77
BB SR, NER T LR A SCH A 7 R Top-
1 Loc ##5 Eik B T 70. 68% . 78 B A5 P-Ak (9 O 2 th BUAS T
B AEEE S CFE b oMLAR T R B8 .

&3 & CUB-200-2011 H#EE £, BEF VGG16 ML H)
AXFEEHMAEEZE
Table 3 Comparative analysis of the proposed method
with other methods based on the VGG16 on the
CUB-200-2011 dataset

35 38 A5 PR A AN IR R B (E, SE S A BT T B AT
0o 286 14 B 9 5 i, DT 7R TS [ 2 URRRAIE 1) il A AR
Hutmi R sm. AE 1P RIE N, Y/ E R
(w,sw,) BUEN (1, 1.5) BF, 45 BUS T 35 19 5 AR
B, X FH TS R AR B . T LU R 4R T
W 2578 F bs XS 7 B R R, SR, Y o, B o, M{EE
B 8 P BE S 2 RIS RI S L 7T AR T BOR Y 5 G
T —RRAF 2, HE A5 ) B A Y RE AR

SR 90 UE AR ST B HE R TR 2 AR A ARl A B B R PNSC
M 09 R M, A8 SCHE CUB-200-2011 %48 45 b, (i A
VGG16 1E R R AE M 45 54T T I M SC 88, SC8e 25 5 an
F2n, WidiEA s AX R IEIET AR, 7T LU B
FABH A BT AR LA B AT H AR E LR B AY T AR
MR 2 ] DIFE Y, 5 354k 7 % (Baseline) XF 1L, 430 51 A

. FEIE$EHL Top-1 Top-5 GT

ik R 28 Loc/ % Loc/ % Loc/ %
CAM™ VGG16 44.15 52.16 58. 00
ADL™ VGG16 52. 36 N/A 75. 40
EIL™ VGG16 56. 21 69.51 72.37
RCAM"™ VGG16 58. 96 N/A 76. 30
PSOL™ VGGI6  60.27 72.45 77.29
DPM™ VGG16 67. 30 82. 20 82. 20
CREAM™  VGG16 70. 44 85. 67 90. 98
Ours VGG16  70.68 85. 33 90. 82

F 4 RRTIE CUB2002011 $ 4R 4E . HE T
ResNet50 FRAEHE B R 45 , A% SC4 R 19 7 i 5 Hofh WSOL
FEM SR, WRP AT LA I, A SC8 i 7 k1
Top-1 Loc. Top-5 Loc,GT-known Loc 8 #5 b 4353538 T
76.34%6.89. 80% .95. 77 Y6 5 1S HE B L 7E BT A AR 19 O
W R T RS R (ERPIHEFEN SR . 5

. 63 .
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CREAM JriEH b . A SC#RE HH 19 7 5 4E GT-known Loc #§
br E8ETHT 5.89%.

&4 7E CUB-200-2011 ##E5 £, & T ResNet50 [ 4,
AXFESHE M EX L LW 24

Table 4 Comparative analysis of the proposed method
with other methods based on the ResNet50 on the

CUB-200-2011 dataset

. FRIE4REL Top-l1  Top5 GT

2k % 2% Loc/%  Loc/% Loc/ %
CAM™ ResNet50  46. 71 54. 44 57.35
RCAM™  ResNet50  59.53 N/A 77.58
PSOL™’ ResNet50  70. 68 86. 64 90. 00
FAM™ ResNet50 73,74 N/A 85.73
DPM™ ResNet50  71. 20 83. 60 82. 30
CREAM™!  ResNet50  76.03 N/A 89. 88
Qurs ResNet50  76. 34 89. 80 95.77

F 5 BRTIE CUB2002011 $ 4 ., H & 7
InceptionV3 $FAF 48 B 0 25 it , A SCH 3 (1% 0y 34 42 1 A8 1
A HALR) WSOL J5ik, 4351358 T 75.04% 1Y Top-1 Loc,
89. 40 % 1 Top-5 Loc 1 95. 63 % #Y GT-known Loc 5& i 1
B8, SECHT BAS J A b A SCHE 9 D7 4 Top-1 Loc,
Top-5 Loc, GT-known Loc #§ #5 I 43 5l #&8 F+ T 2.95%
1.29%.1.00%,

%5 7E£ CUB-200-2011 #{#E % I ,E F InceptionV3 [ £§
B AR 75 H Al T A 3 b 238 43
Table 5 Comparative analysis of the proposed method

with other methods based on the inceptionV3 on the

CUB-200-2011 dataset %

. FRIEIRHL Top-1  Top-5 GT

2 ¥ £ Loc Loc Loc
CAM"™ InceptionV3  41.06  50. 66 55. 10
RCAM™  InceptionV3 51.05  N/A 65. 10
PSOL™’ InceptionV3  65.51  83.44 N/A
FAM™ InceptionV3  70. 67 N/A 87. 25
DPM' InceptionV3  64.30  69.60 79. 60
CREAM™  InceptionV3 71.76  86.37 90. 43
BASH InceptionV3  72.09  88.11 94. 63
Ours InceptionV3 75.04  89.40 95.63

* 6 BT TE ILSVRC2012 ¥ 4 F, H & T
VGG16 FRAE$2 B ™ 45, 4% SCH i O ¥ 5 H i WSOL
FEM AR, NERAPTTLIE A 3080 07 21
Top-1 Loc 8 #5 F3iEF T 52.23% , #E Top-5 Loc 8 5
ik #H T 64.93%, £ GT-known Loc 1§ ¥ I 15 #|
T 69.47%,

o« 64 o

% 6 7 ILSVRC-2012 & £, & F VGG16 M 41
AXFEEEHMITEILE KW
Table 6 Comparative analysis of the proposed method
with other methods based on the VGG16 on the

ILSVRC-2012 dataset %

. FREIREL Top-1 Top-5 GT

ks % 2% Loc Loc Loc
CAM™ VGG16  42.80 54. 86 59. 00
ADL!'™ VGG16 44,92 N/A N/A
EIL™ VGG16 46. 81 N/A N/A
RCAM™ VGG16 44. 62 57.92 60.73
PSOL™ VGG16 50. 89 60. 90 64.03
DPM'™ VGG16 51. 10 63. 80 69. 30
CREAM™  VGG16 52. 37 64. 20 68. 32
Ours VGG16  52.23 64.93 69. 47

*£ 7 B 7L ILSVRC-2012 ¥4 b, HE T
ResNet50 FEAEHE I 45, A SC 42 1 5 i 5 Hofh WSOL
JEM A R, IR AT LUE I, A SO W O
Top-1 Loc #6847 '35 %| T 57. 72% . 7E Top-5 Loc 847 I3k
T 69.29%, 76 GT-known Loc 38%5 ik 5] T 72.90% ,
TE TR TTAL 09 7 1 TP U T s AR 45 AR (FE 3% TP IR AR v
i) . 5 CREAM Jy ik A Lo, A SCHE R 19 5 i 46 Top-1
Loc Fl GT-known Loc $§45 43 51#2 T T 2. 06%6.3. 59 %,

&R 7 ILSVRC-2012 ##E % £, E T ResNet50 [ 4% 19
AXFESHE M EI LW S
Table 7 Comparative analysis of the proposed method
with other methods based on the ResNet50 on the

ILSVRC-2012 dataset %

L FROF4EEL  Top-l1  Top-5 GT

Tk % 2% Loc Loc Loc
CAM™ ResNet50  38.99 49. 47 51. 86
RCAM™ ResNet50  49.42 N/A 62. 20
PSOL™ ResNet50  53.98 63.08 65. 44
FAM™ ResNet50  54. 46 N/A 64. 56
DPM'™ ResNet50  54. 40 65. 50 69. 60
CREAM™  ResNet50  55. 66 N/A 69. 31
Qurs ResNet50  57.72 69.29 72.90

TEF 8 1, B8 T 5T InceptionV3 4 HE UM 2% , A
SCHR T I S A WSOL 5 vk 7E ILSVRC-2012 %04 45
AR gE R . R P LUE A SCHE Y e = R
Febr LR TR E HAb Tk, S0 BAS rikAH L, A
SCHRE T 7 Top-1 Loc #6845 L4828 T 0. 54 % . 7E Top-
5 Loc #8%5 F4EE T 0. 7% . 7 GT-known Loc 845 425
T0.67%.
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Table 8 Comparative analysis of the proposed method
with other methods based on the InceptionV3 on the
ILSVRC-2012 dataset

. FRAE4EEL Top-1  Top5 GT

Tk [ 2% Loc Loc Loc
CAM™ InceptionV3  46.29  58.19 62. 68
RCAM™!  TInceptionV3 47.70  N/A 62.76
PSOL™ InceptionV3  54.82  63.25 65.21
FAM™ InceptionV3  55.24  N/A 68. 62
CREAM™ InceptionV3 56.07  66.19 69. 03
BAS™ InceptionV3  58.50  69.03 72.07
Ours InceptionV3 59.04 69.73 72.74
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Fig. 6 Comparative experimental analysis of MaxBoxAccV2
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Fig. 7 Visual comparison of selected samples from

the CUB-200-2011 dataset
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Fig. 8 Visual comparison of selected samples from

the ILSVRC-2012 dataset
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