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x1 HEHARE
Table 1 The pseudo-code of algorithm

Algorithm 1 The tracking process for one time—step #

1: Inputs: last frame weights w, |, ideal response map y, ideal response map for scale estimation y,, current frame feature f,

current frame feature for scale estimation £, last frame feature for scale estimation £’ ', penalty parameter y

2:1fi =1 then

3: w, ; < zeros matrix, I'<— zeros matrix
4. for i=1:N,.im dO

4: w =< equation 5(f, w, ,, y, I')
5: w'< equation 6(w, y, I')

5: update 4, update I

6: end for

7: else

8: S~ w®f

9. S~ w.XQFf.

10: for i=1:N,uuin do

11:  w =< equation 5(/, w, ,, y, I')
12: w'< equation 6(w, y, ')

13: update g, update I

14: end for

15: w, < equation 11(y,, /)

16: end if

2 FIf

J T B AE A R A At BB LSOTB-TIR i 42 5 PTB-TIR B4l 5 E ik 4 . LSOTB-TIR
Boys 4R LA T 120 AR T 4, 5 90 dwe RO R 2 110 W01, Fe /K B Ol 105 i, - 3 4 3 O 684 i, 33T
82 000 Wi % , 618 T 22 Fh H AR JE ], 12 Fh 2 51 @ M, Xt 7 51 R 55 3 St b AT 7 A i, 8 5 S AR i B n 4 2
I 3R o

PTB-TIR 4 5 & 20 4M 7 AN BB RS 4R B AR ROT B AR E/N A 5 60 AT 7 41, 9 Fh 28 51 1, 3k

2 BEEX

Table 2 The definition of scenarios

Scenario Definition
VS The videos come from a surveillance camera
HH The videos are shotted from a hand-held camera
DS The videos are captured from a drone-mounted camera
VM The videos come from a vehicle-mounted camera
*3 FIREHE
Table 3 The attributes of sequences
Attribute Definition
TC Two same intensity targets cross each other
v The target intensity is changed during tracking
DIS Existing the intra—class object near the target
BC The background has a similar appearance to the target
DEF The target is deformable during tracking
occC The target is partly or fully occluded during tracking
oV The target partly or fully leaves the image
SC The ratio of the target size is out of the range [ 0.5, 2]
FM The target moves more than 20 pixels
MB The target is blurry due to the target or camera motion
LR The target size is lower than 800 pixels
ARV The target aspect ratio is out of the range [ 0.5, 2]
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Table 4 The results of ablation experiments

Name  Information selection Variable scale estimation Feature extractor Precision Norm. precision Success rate FPS

LADCF 0.686 0.629 0.569 34.43
ACSDCF 0.683 0.617 0.565 35.96
Ours_1 N/ 0.707 0.635 0.589 39.83
Ours_2 N NG 0.713 0.639 0.591 38.34

Ours NG NG NG 0.717 0.645 0.594 34.85
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Fig.6  The ablation result of location fusion weight
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Fig.7 The ablation result of the number of scales
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Fig.8 The tracking results on four sequences
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Adaptive Information Selection for Infrared Object Tracking with
Variable Scale Correlation Filter

SUN Mengyu', WANG Peng’, XU Junqi', LI Xiaoyan’, GAO Hui’, DI Ruohai’
(1 School of Opto—electronical Engineering, Xi'an Technological University, Xi'an 710021, China)
(2 Electronic Information Engineering, Xi'an Technological University, Xi'an 710021, China)

Abstract: While there is less information contained in the infrared image, it still has problems with image
blur and noise. It caused many difficulties in infrared visual target tracking. The discriminative correlation
filter is a reliable method for tracking objects that can be trained online on an embedded hardware platform.
But the variable scale of the object cannot be efficiently solved. We proposed an adaptive information
selection for infrared object tracking with a variable scale correlation filter to solve the problem mentioned
earlier. The proposed algorithm is divided into three parts, one for feature extractor, one for location filter,
and one for scale filter. Three features are extracted by the feature extractor to represent the object. The
insensitive feature and the histogram of gradient are chosen as the based features. The insensitive feature
represents the intensity of the object at its current position in the infrared image. The information extracted
from the gradient histogram, which contains more information about the shape of the target, represents the
regions with sudden changes in the infrared image such as the edge and corner of the target. To enhance the
object’s representation, we generate a new histogram of gradients based on the insensitive feature, which
has various representations of the object. After that, the position filter will receive the sample frame feature
information. We train three position filters depend on three types of feature, respectively. In the training
phase of the position filter, temporal regularization, spatial regularization and spatial information selection
are added during optimization. The temporal regularization is used to enforce correlation filter more
similarity to the last coefficients, which makes correlation filter more fit on the variation of the object. The
spatial regularization is limited the correlation filter concentrate on the region of the object when training.
For reducing redundancy of the object’s information and speeding up the training process, we set different
thresholds for coefficients. When the coefficients are lower than the threshold, we set it to zero to reduce
the number of coefficients. The spatial coefficient of each channel is treated individually. Then, the position
filter will be convolved with the feature of the current frame. We compute three response maps according to
the different features. The response map corresponding to various features will be weighted and sum
together to find the max value position which is the estimated object position. The weights of the various
features are set to the hyparameter. The weight of the new feature is set smaller than the other base
features, because of the larger receptive field. For better representation of the object's scale change, we
extract the variable scale sample from the estimated object position. The ratio of the height and width of the
variable scale sample is different. We flatten the features of all variable scale samples and concatenate them
together along with the spatial dimension as the scale training features. The corresponding scale factor is
obtained by convolution according to the obtained scale filter coefficient, so as to determine the boundary
ratio and obtain the boundary of the object. We choose LSOTB-TIR dataset and PTB-TIR dataset as the
test dataset. The proposed algorithm can reach 34.85 frames per seconds on the central processing unit
platform. On the LSOTB-TIR data set, the accuracy and success rate of the proposed algorithm reached
71.3% and 59.4% on the LSOTB-TIR dataset, and 80.4% and 61.1% on the PTB-TIR dataset,
respectively. We analysis each component in our algorithm and find the spatial selection contributes more
for precision. We also visualize the result of our method, which demonstrates our method can track the
object consistently and can adapt the change of boundary ratio.

Key words: Infrared night vision technology; Target tracking; Correlation filter; Infrared image
processing; Variable scale filter; Sparse representation
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