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Abstract: A new deep convolutional network for detecting small targets in infrared images is proposed.
The problem of small targets detection is transformed into the classification of small targets’ location
distribution. First a Fully Convolutional Networks is used for enhancing and initially screening the
small targets. After that the original image and the background suppressed image are selected as the
inputs for classification network which is used for the follow-up screening and then the SEnet
( Squeeze-and-Excitation Networks) is used to select the feature maps. The experimental results show
that the detection network is superior to multiple typical infrared small target detection methods and has
an excellent result on different signal-to-noise ratio different scenes and motion blur targets.
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Table 1 Feature maps of hidden layers in enhance network
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Fig.4 Design idea of enhance network
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Fig.5 Specific structure of enhance network
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Fig. 10  Classification network after joining SEnet
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) Table 4 Target detection rate of the classification network
under different input conditions
SNR 1 2 3 4 5 6 7
S 93.7% 94.6% 96.0% 97.9% 98.1% 98.3% 98.8%
F 89.1% 90.3% 91.1% 92.4% 93.6% 94.5% 96.2%
S+F 90.2% 91.0% 91.5% 93.7% 95.3% 96.4% 96.7%
5
Table 5 False alarms’ numbers of the classification net—
work under different input conditions
SNR 1 2 3 4 5 6 7
13 21 24 26 28 28 27 28
Fig. 13  Test error curves for different convolution layers F 5 6 6 6 7 7 7
S+F 7 8 9 8 8 9 9
4 5 S F
S
S 5%
SEnet
6 7
’ 6 SEnet
. Table 6 SEnets Effect on Detection Rate
Table 2 Effect on the target detection rate of enhance net—
SNR 1 2 3 4 5 6 7
work
SEnet  92.9% 94.3% 95.3% 96.2% 97.0% 98.1% 98.2%
SNR ! 2 3 4 5 6 ! None  90.2% 91.0% 91.5% 93.7% 95.3% 96.4% 96.7%
92.9% 94.3% 95.3% 96.2% 97.0% 98.1% 98.2%
32.2% 46.5% 53.3% 66.7% 73.3% 76.8% 81.3%
7 SEnet
3 Table 7 SEnet$ Effect on False alarms’ numbers
( ) SNR 1 2 3 4 5 6 7
Table 3 Effect on the number of false alarms of enhance
A SEnet 7 7 8 8 8 9 8
network( average value of each image)
None 7 8 9 8 8 9 9
SNR 1 2 3 4 5 6 7
7 7 8 8 8 9 8

11 9 10 8 11 10 8
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Fig. 14 Detection results in real scene
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Table 8 Comparison of detection rate among the detection
algorithms
SNR 1 2 3 4 5 6 7

A 52.6% 63.3% 75.4% 85.7% 87.6% 89.1% 90.6%
B 51.4% 63.1% 74.8% 81.2% 86.6% 87.3% 89.1%

C 79.8% 84.6% 89.0% 93.4% 95.7% 96.3% 97.0%
D 82.3% 85.6% 91.2% 93.6% 96.0% 96.5% 97.7%

Ours  92.9% 94.3% 95.3% 96.2% 97.0% 98.1% 98.2%

Table 9 Comparison of false alarms among the different
detection algorithms

SNR 1 2 3 4 5 6 7

A 14 16 14 12 12 13 12

B 12 15 13 14 12 12 13

C 9 10 11 11 12 11 11

D 8 8 10 8 9 10 9

Ours 1 7 8 8 8 9 8
PDE  MRF
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