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Abstract In order to improve the accuracy and real-time performance of visual tracking in complex scenes, a real-
time and anti-occlusion visual tracking algorithm based on multi-layer deep convolutional features is proposed. For
the visual tracking task, the deep convolutional networks VGG-Net-19 are fine-tuned, and then the multi-layer deep
convolutional features of the target region are extracted from the adjusted model. The location correlation filters are
constructed to determine the target center position. In order to determine the target scale, a scale correlation filter is
performed to sample multi-scale images surrounding the target region. When the target is occluded, the stage
evaluation strategy is used to update and recover the model, which solves the problem of template error
accumulation. The experimental results on the tracking benchmark OTB-2015 which concludes 100 video sequences
and UAV123 which concludes 123 video sequences show that the proposed algorithm has higher accuracy and can
adapt to complex situations such as target occlusion, appearance change and background clutters. The average speed
is 29.6 frame/s, which meets the real-time requirements of the visual tracking task.
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Fig. 1 Framework of the proposed visual tracking algorithm
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# 1 VGG-Net-19 & E S5
Table 1 Parameters of VGG-Net-19

Output size /

Structure Filter ) ] ) Memory /bit Parameter
(pixel X pixel X pixel)
Image input 224 X224 X3 224 X224 X3=150528 0
Convl_1 64 224 X224 X 64 224 X224 X64=3211264 3X3X3X64=1728
Convl_2 64 224 X224 X 64 224 X224 X64=3211264 3X3X64X64=36864
POOL1 112X 112X64 112X112X64=802816 0
Conv2_1 128 112X 112X128 112X112X128=1605632 3X3X64X128=73728
Conv2_2 128 112X112X128 112X112X128=1605632 3X3XK128X128=147456
POOL2 56 X56 X128 56 X56 X128=401408 0
Conv3_1 256 56 X56 X256 56 X 56 X256=2802816 3X3XK128X256=294912
Conv3_2 256 56 X56 X256 56 X56 X256=802816 3X3 X256 X256=589824
Conv3_3 256 56 X 56 X256 56 X56 X256=2802816 3X3X256X256=589824
Conv3_4 256 56 X56 X256 56 X56 X256=2802816 3X3X256X256=589824
POOL3 28 X 28 X256 28 X 28 X256=200704 0
Conv4_1 512 28 X 28 X512 28X 28 X512=401408 3X3X256X512=1179648
Conv4_2 512 28 X 28 X512 28 X 28 X512=401408 3X3X512X512=2359296
Conv4_3 512 28 X 28 X512 28 X28X512=401408 3X3X512X512=2359296
Conv4_4 512 28 X 28 X512 28 X28X512=401408 3X3IXK512X512=2359296
POOLA4 14 X14 X512 14X 14X512=100352 0
Convb_1 512 14X 14 X512 14X 14X512=100352 3X3IXK512X512=2359296
Convb_2 512 14 X14X512 14X14X512=100352 3X3X512X512=2359296
Convb5_3 512 14 X14X512 14X14X512=100352 3X3X512X512=2359296
Convb5_4 512 14 X14 X512 14X14X512=100352 3X3X512X512=2359296
POOLS TXTX512 TXT7TX512=25088 0
FC6 4096 1X1X4096 1X1X4096=4096 TXTX512X4096=102760448
FC7 4096 1 X1X4096 1 X1X4096=4096 4096 X 4096=16777216
FC8 1000 1 X1X1000 1 X1X1000=1000 4096 X1000=4096000

image input

Conv4d_4

fffrrmm

Convh_4
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|
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K2 VGG-Net-19_OT M %45 H Kl
Fig. 2 Network structure of VGG-Net-19_OT
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Algorithm 1: Proposed tracking algorithm

Input: Initial target position p,—1 =(x,—1+y,~1>w,—1 +h,—1), the hierarchical correlation filters W{?, (¢=3,4,5)

Output: Estimated object position p, = (x, .y, »w, »h,)» Wi” (¢=3,4,5)

1 Repeat

2 | Crop out the searching window in frame ¢ centered at (x,—1,y,-1) and extract convolutional features with spatial

interpolation using formula (5);

3 | For each layer ¢ do computing Wi?, and correlation response f, using formulas (7) and (8);
4 | Estimate the new position (x,.y,) on response map using formula (10) ;
5 | Obtain the scale sample images around (x, ,y,) and extract HOG features;

Compute scale correlation response;

6
7 | Estimate the new scale (w, ,h,) around (x,,y,);
8

9 Until end of video sequences

Compute the occlusion indicators to update models using formulas (12) and (13);

[ 3 Bk
Fig. 3 Flow chart of algorithm
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Table 2 Video attributes of OTB-2015

Video attribute Value Video attribute Value
Background clutters (BC) 31 Motion blur (MB) 29
Deformation 44 Occlusion 49
Fast motion (FM) 39 Out-of-plane rotation (OPR) 63
[llumination variation (IV) 38 Out-of-view (OV) 14
In-plane rotation (IPR) 51 Scale variation (SV) 64

Low resolution (LR) 9
%3 UAVI123 W& 7%
Table 3 Video attributes of UAV123

Video attribute Value Video attribute Value
Scale variation (SV) 109 Out of view (OV) 30
Aspect ratio change (ARC) 68 Background clutter (BC) 21
Low resolution (LR) 48 Illumination variation (I1V) 31
Fast motion (FM) 28 Viewpoint change (VC) 60
Full occlusion (FOC) 33 Camera motion (CM) 70
Partial occlusion (POC) 73 Similar object (SOB) 39
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Fig. 4 Qualitative results of the 10 tracking algorithms on different video sequences. (a) Ironman 1;

(b) Ironman 2; (c¢) Doll; (d) MotorRolling; (e) Bolt2; (f) Skiing
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Fig. 5 Qualitative results of the 10 tracking algorithms on different occluded video sequences.

(a) Jogging-1; (b) Walking2; (c¢) Coke; (d) Soccer
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Fig. 6 Algorithm of OPE on OTB-2015. (a) Precision plot; (b) overlap success plot
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precision plots of OPE-fast motion (39) precision plots of OPE-background clutter (31) precision plots of OPE-motion blur (29)
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Fig. 8 Precision plots on 11 different attributes video sequences of OTB-2015
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Table 4 Precision values and success rates on 12 different attributes video sequences of UAV123
Proposed algorithm KCF HCFTstar
Sequence — — —
Precision value Success rate  Precision value Success rate  Precision value Success rate
Aspect ratio change (ARC) 0.619 0.464 0.447 0.292 0.610 0.434
Background clutter (BC) 0.585 0.447 0.536 0.413 0.584 0.470
Camera motion (CM) 0.677 0.556 0.502 0.366 0.682 0.543
Fast motion (FM) 0.544 0.402 0.301 0.200 0.516 0.377
Full occlusion (FOC) 0.567 0.358 0.420 0.243 0.561 0.381
Illumination variation (IV) 0.627 0.506 0.464 0.334 0.614 0.451
Low resolution (LR) 0.555 0.333 0.435 0.251 0.579 0.346
Out of view (OV) 0.609 0.500 0.406 0.277 0.603 0.467
Partial occlusion (POC) 0.632 0.499 0.497 0.365 0.628 0.491
Scale variation (SV) 0.644 0.534 0.497 0.339 0.646 0.498
Similar object (SOB) 0.691 0.566 0.616 0.418 0.693 0.552
Viewpoint change (VC) 0.637 0.494 0.450 0.302 0.625 0.440
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Fig. 9 Success plots on 11 different attributes video sequences of OTB-2015
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Table 5 Tracking speeds frame /s
Sequence  Basketball FaceOccl Footballl Girl Joggingl Jumping Soccer Sylvester Trellis
Speed 31.3 34.5 26.1 35.9 28.2 26.1 25.1 32.6 27.9

F 6 HET UL O] B LR BV A - 4 BRI A< 0

Table 6 Average tracking speed comparison for the deep learning-based tracking algorithm frame /s
Algorithm Proposed FCNT MDNet HCFT
Tracking speed 29.6 3 1 10
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