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Similar HED-Net for Salient Human Detection in Thermal Infrared Images
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Abstract: Human targets in thermal infrared images are easy to observe and have a wide range of
applications. However, they are limited by the hardware of thermal infrared devices. The edges of human
targets in the images are often blurred and the detection efficiency is poor. Simultaneously, because of the
special imaging principle of thermal infrared, human target detection is vulnerable to the interference of
heating and occlusion objects and the detection accuracy cannot be guaranteed. In response to the above
issues, this study proposes a type of holistically nested edge detection (HED)-thermal infrared saliency
human detection network. The network adopted the form of a similar HED network and detected human
targets by adding the residuals of different proportions of the hole convolutional codec module.
Experiments showed that the network can effectively detect human targets, accurately predict the edge
structure, and also have high detection accuracy in an environments with heating objects and obstructions.
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Fig.1 The proposed network architecture
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Table 1 Backbone VGG16 network structure table

Operation Input Size Output Size Output
Input Data 224x224%3 No
Conv_1 (3x3) 224x224x%3 224x224x64  No
Conv_2 (3x3) 224x224x64  224x224x64  No
MaxPool( 2x2) 224x224x64  112x112x64  No
Conv_3 (3x3) 112x112x64  112x112x128 No

Conv_4 (3x3)
MaxPool (2x2)

112x112x128  112x112x128  Yes
112x112x128  56x56x128 No

Conv_5 (3x3) 56x56x128 56x56x256 No
Conv_6 (3x3) 56x56x256 56x56x256 No
Conv_7 (3x3) 56x56x256 56x56x256 Yes
MaxPool (2x2)  56x56x256 28x28x256 No
Conv_8 (3x3) 28x28x256 28x28x512 No
Conv_9 (3x3) 28x28x512 28x28x512 No
Conv_10(3x3) 28x28x512 28x28x512 Yes
MaxPool( 2x2) 28x28x512 14x14x512 No
Conv_11 (3x3) 14x14x512 14x14x512 No
Conv_12 (3x3) 14x14x512 14x14x512 No
Conv_13 (3x3) 14x14x512 14x14x512 Yes
MaxPool(2x2) 14x14x512 Tx7x512 No
Conv_add1(3x3)  7x7x 512 Tx7x1024 No
Conv_add2 (3x3)  7x7x1024 TxTx512 Yes
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Table 2  Single-scale U-encoded network structure

Operation Parameters

Conv_1 K=3, stride=1, padd=1

Dilation Conv_1 K=3, dilation=2%;, padd=2*(5-i)
=1,2,34)

K=3, dilation=2%i,
padd=2* (5- i) (i =1,2,3,4)
Conv_2 K=3, stride=1, padd=1
Conv_3 K=1, stride=1

Dilation Conv_2

2 2 th 7 iE#FH Dilation Conv H 25V R 2%
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Fig.2 Comparison between U-Net and U-shaped encoder-decoder networks : (a) U-shaped encoder-decoder network proposed in this

article; (b) U-Net network architecture
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Fig4 Self-built Training Dataset: The upper two layers are
thermal infrared images, and the lower two layers are
labeled maps (GT)
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Table 3 Comparative experiment of encoder-decoder network

optimization

Operation maxFg MAE
Conv 0.8279 0.01052
Dilation Conv

0.8526 0.00987
(Dlation=2)
Dilation Conv+Conv

0.8884 0.00616
(Dlation=2)
Dilation Conv+Conv

0.8934 0.00607
(Dlation=2, 2 ,4 ,6, 8)
Dilation Conv+Conv

0.7891 0.01421
(Dilation=4 ,4, 16,32, 64)
Dilation Conv+Conv

0.8491 0.00979

(Dilation =2 ,2 ,8 , 16, 32)
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RUE 4 s,

% 4 MEMO-layeri i=1,2,3,4,5 /3 537 %f B
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Table 4 Multilayer feature fusion contrast experiment

Fusion operation BCE

MFSO 0.85367
MFMO-layer1 0.92691
MFMO-layer2 0.89786
MFMO-layer3 0.87981
MFMO-layer4 0.86286
MFMO-layer5 0.84326

T

(@
PICNet(VGG16); (g) BASNet(ResNet34)

(b)

K s () A BEE; o) bridkE &

(c) Ours(VGG16);
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Pl PN P P Pl Pl P
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%

.

1

(d) Ours(MobileNet-v2); (e) PoolNet(ResNet50); (f)

Fig.5 Experimental results (a) input image; (b) GT image; (c) Ours(VGG16); (d) Ours(MobileNet-v2); (e) PoolNet(ResNet50), ()

PICNet (VGG16); (g) BASNet(ResNet34)
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Table 5 Multialgorithm validation comparison

Evaluation metrics

Models

maxFpg MAE Model size /MB Running time/ms
BASNet(ResNet 34) 0.88087 0.01154 348.5 467.3
PICNet(VGG16) 0.88732 0.00633 153.3 178.2
PoolNet(ResNet50) 0.89066 0.00623 2733 578.7
Ours(VGG16) 0.89146 0.00603 101.2 111.7
Ours(MobileNet-V2) 0.84066 0.01325 19.4 86.1
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