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In this supplementary material, we provide derivations and report additional results. In section 1, we show the derivation of the
learning rule (equation 4 in the paper). Section 2 provides the detailed solution to the minimization problem (equation 6 in the paper),
associated with the dimensionality reduction scheme. The additional results from our experiments are provided in section 3.

1 Derivation of the Learning Rule

This section proves that the cost function (3) in the paper (again stated here in (1)) is minimized by choosing the coefficients as
equation (4) in the paper.
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Recall that z7 is the M x N training patch (of D-dimensional features) from frame number 7, 47 is the associated label function,
B; are weights controlling the relative importance of different frames and A is a regularization parameter. ¢ is the mapping to the
Hilbert space induced by the kernel x, which defines the inner product as (¢(f), ¢(g)) = k(f,g) for f and g in the same class as
x7. The cost function (1) is minimized over the coefficients a. x,, ,, denotes = cyclicly shifted m and n times in the first and second
coordinate respectively. This means that z,, ,,(k,!) = z(k —m,{ —n), if z is extended periodically. The summations in (1) are taken
over all such shifts (m,n) € {0,...,M —1} x {0,...,N — 1}.

Equation 1 is rewritten to (2), by inserting w? in (1b) to (1a).
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This function is convex in a, since the squared L?-norm of an affine transformation is convex and ¢ is a sum of such functions. The
global minimum can thus be obtained by finding a stationary point (where all partial derivatives are zero). The derivative with respect
to a(r, s) is computed in (3).
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Here we have used the symmetric property and the assumed shift invariance of the kernel function. Shift invariance means that
K(fm,ns Gm.n) = &(f, g) for all m, n, f and g. It is proved for inner product and radial basis function kernels in [8]. We define the
kernel output function 7, in (4).
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Note that v, is periodic. Using this definition, the derivative in (3) can be expressed as (5). We use * to denote circular convolution.
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By setting these derivatives to zero and using the convolution property of the discrete Fourier transform (DFT) operator %, the
solution can be derived. We denote Fourier transformed functions with capital letters. Note that the products in this case are
pointwise.
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Here we have also exploited the fact that the DFT is linear and invertible. The last equivalence assumes that all frequency components
in the denominator are non-zero, as in the original method [&].

2 Derivation of the Dimensionality Reduction Approach

To find a suitable D¢ x D, projection matrix 5, to be used for dimensionality reduction in frame number p, we minimize the cost
function
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under the constraint Bg B, = I. The constants o, . . . , oy, weight the relative importance of the terms. The data term is given by the
reconstruction error of the current appearance 7, defined as:
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Where C), = M 5 D mon & o ZP(m, n)2P(m,n)T is the sample covariance matrix. The smoothness cost associated with frame number j

is defined as:
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Here bg-k) is the k:th column in the earlier projection matrix B; and )\; is a weight associated to this basis vector. A; is defined as

the Dy x D diagonal matrix containing the weights /\§-k).



Using (8) and (9), the cost function in (7) can easily be reformulated to the equivalent maximization problem in (10) by exploiting
the properties of the trace operator.
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The matrix 2, is symmetric and non-negative definite. Equation 10a can be maximized under B; B,, = I by choosing the columns
of B, as the D5 eigenvectors of I, that correspond to the largest eigenvalues.

3 Evaluation

In this section, we provide additional experimental results. Table 1 and 2 show the per-video results of the color feature evaluation
(section 4.3 in the paper). In table 3 and 4, we report the per-video results of our robust learning scheme using different color features
(section 4.4 in the paper). Table 5 and 6 shows the per-video results of our state-of-the-art comparison (section 4.6 in the paper). The
best two results in all the tables are shown in red and blue fonts respectively. Finally, we provide all the precision and success plots
showing the state-of-the-art comparison (section 4.6 in the paper). These include both the overall comparisons and the attribute-based
evaluations.

3.1 Dataset

The 35 color sequences in the visual tracking benchmark by Wu et al. [15] used in this paper are found at:
https://sites.google.com/site/trackerbenchmark/benchmarks/v10

All six additional color sequences can be downloaded from our project web page:
https://www.cvl.isy.liu.se/en/research/objrec/colvistrack/index.html
Board, Stone and Panda was obtained from:
http://faculty.ucmerced.edu/mhyang/project/cvprl2_scm.htm

Kitesurf was obtained from:
http://wwwéd.comp.polyu.edu.hk/~cslzhang/CT/CT.htm

Shirt was obtained from:

http://www.eng.tau.ac.il/~oron/LOT/LOT.html

Surfer was obtained from [2]:
http://vision.ucsd.edu/~bbabenko/project_miltrack.shtml

3.2 Results
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Video [ Int [ Int+RGB [ LAB [ YCbCr [ Int+rg [ Opp | C [ HSV [ Int+SO [ Int+AOpp | Int+HUE | Int+CN |
basketball 6.6 8.14 164 | 462 | 405 [9.08 [39.7] 204 | 455 145 125 89.4
board 109 111 235 | 283 | 66.1 | 111 [ 137 | 108 75 22.2 4450 25.1
bolt 429 401 369 | 393 388 | 412 [ 448 | 38 | 285 5.65 341 4.59
boy 201 [ 562 48 | 658 | 603 |265[163] 31 66.2 85.8 68.2 16
carDark 271 269 233 | 445 | 315 | 27 [271] 269 | 23 90.3 114 275
carScale 83 25.4 258 | 46.4 88 [ 255|257 [ 241 | 133 48.6 25.8 68.3
coke 136 | 147 14.5 17 293 [ 148 [ 143 ] 19.6 | 543 274 153 316
couple 144 120 153 | 150 151 [ 132 [ 114 | 113 | 759 156 150 120
crossing 9.18 | 494 241 | 121 89.7 | 609 | 64.4 [ 586 [ 889 83.7 212 8.91
david 17.7] 182 745 | 134 133 [ 13.2 [ 10.6 | 8.69 14 5.53 1960 4.35
david3 56 57.1 556 | 56.1 705 | 77 | 858 | 547 | 641 517 324 8.52
deer 523 | 491 537 | 228 543 | 516 [ 498 | 162 | 211 4.21 358 5.16
doll 4471 197 14 | 1290 | 985 [ 19.1 [ 406 | 759 [ 209 327 3860 12.2
faceoccl 126 | 128 141 | 128 137 [ 129 [13.6 | 128 | 11.2 54.8 41.2 14
footballl 162 215 252 | 288 | 988 | 151 [ 145[ 777 [ 33 126 71.2 9.57
girl 194 211 964 | 518 | 335 [ 127 [182[ 125 | 132 112 1260 19.2
human 7.6 7.62 6.97 | 766 | 729 | 747 [741]793 | 111 21 244 6.96
ironman 185 203 164 | 108 158 | 198 | 537 158 | 147 42.8 86 218
jogging-1 135 110 4.64 | 139 199 | 182 [ 139 [ 106 | 119 123 122 4.09
jogging-2 164 158 3.39 5 49.6 | 190 | 157 | 157 | 160 171 198 178
kitesurf 64 42.1 4.58 | 143 563 | 38 [61.2] 251 | 404 23.8 71.8 80.7
lemming 114 [ 62.8 82 107 81.6 | 128 | 811 | 81.8 | 169 81.2 156 83.6
liquor 155 165 97.8 | 167 96.6 | 164 [ 725 | 131 110 99.1 60.6 109
matrix 114 83.1 239 | 242 66.8 | 853 [ 858 | 458 | 527 110 136 68.5
motorRolling || 393 340 466 | 201 234 [ 556 [ 620 [ 241 | 392 231 227 426
mountainBike || 6.58 | 6.74 684 | 68 663 | 672 [ 639 664 | 5.64 8.93 336 6.72
panda 94 67.3 72.1 | 687 59 | 679 [80.8 ] 110 [ 642 97.9 80.7 88.2
shaking 167 16.6 158 [ 238 175 [ 167 | 125 15 19.83 29.2 282 173
shirt 168 | 166 973 | 186 | 203 | 158 [ 246 [ 171 [ 155 172 13.3 9.72
singerl 154 154 134 | 122 129 [ 157 [ 153 ] 13 | 275 9.69 132 7.75
singer2 185 171 183 171 147 | 176 | 6.34| 572 | 173 244 15 168
skating1 7.78 7.9 841 | 823 826 | 806 | 135792 [ 219 9.5 40.3 8.66
skiing 248 274 303 | 155 274 | 267 | 271 | 208 | 228 194 260 282
soccer 70.9 [ 200 541 | 475 | 275 | 799 | 146 | 325 [ 123 107 177 16.8
stone 4.57 2.3 131 | 444 29 368 [271 569 104 146 375 2.22
subway 164 155 168 | 775 162 | 169 | 169 | 183 | 161 170 158 157
surfer 451 456 202 [ 261 1550 [ 488 [315] 17 19.9 10.4 151 4.53
tigerl 69.5 | 469 185 | 526 | 364 | 181 [41.6] 171 | 863 130 74.2 17.1
tiger2 596 | 365 505 | 434 103 [ 29.1 [27.1 ] 183 | 303 22.1 802 18.9
trellis 189 178 15.3 16 165 | 178 | 15 | 8.04 | 59.3 13.9 14.6 9.01
walking2 185 245 46 | 179 | 165 [ 255 [39.5 [ 42.1 32 525 27 382
woman 208 [ 1800 [ 942 [ 121 141 [2380 [ 129 ] 103 | 129 162 561 14.3
| Median [503] 393 [ 194 ] 463 | 385 [255[264[246 ] 641 [ 562 | 151 [ 169 |

Table 1: The per-video average center location error (CLE) (in pixels) for different color features (as in Table 1 in the paper). The
best results are obtained using color names with a median CLE of 16.9 pixels.



Video [ Int | Int+RGB | LAB | YCbCr | Int+rg [ Opp | C | HSV | Int+SO | Int+AOpp | Int+HUE | Int+CN

basketball 100 100 75.6 | 497 571 [968 7021 276 | 64.8 497 2.48 11.9
board 8.57 8.57 643 | 614 929 | 857 929 | 857 8.57 63.6 429 63.6
bolt 3.43 5.43 3.14 3.14 543 | 543 [ 100 | 100 55.7 100 3.14 100
boy 84.4 66.9 67.3 66.8 66.4 | 635 | 84.6 | 462 | 277 40.4 33.1 84.6
carDark 100 100 100 92.9 100 100 | 100 | 100 69 25.4 433 100
carScale 65.1 71.4 714 | 635 651 | 714 [718] 73 78.6 40.5 71.4 65.1
coke 87.3 84.5 88.7 81.8 285 | 845 [ 845 86.3 18.2 34 85.6 63.9
couple 8.57 8.57 8.57 8.57 857 | 857 | 10.7 | 8.57 11.4 7.86 8.57 10.7
crossing 100 40.8 64.2 15 225 [ 325 [225] 233 11.7 9.17 0.833 96.7
david 49.9 47.6 100 80.5 82.8 | 824 [ 987 | 100 83.2 100 33.1 100
david3 65.9 65.9 92.5 | 65.1 91.3 91319051 718 57.1 64.7 13.1 90.5
deer 100 100 100 14.1 100 100 | 100 | 845 | 563 100 2.82 100
doll 58.1 58.2 74.1 424 321 | 8141597 53 60.4 67.5 2.2 83.3
faceoccl 92.5 91.1 85.3 91.4 87.4 91 |88.1] 229 98.3 53.4 51.9 85.7
footballl 75.7 52.7 514 | 514 851 [ 757 [ 77 | 100 44.6 12.2 13.5 90.5
girl 55.4 52.4 93.2 100 100 86 | 54.8 | 84.6 3.8 38.6 0.4 51.4
human 100 100 100 100 100 | 100 | 100 | 100 39.1 75 21.4 100
ironman 13.3 13.3 10.8 3.61 21.1 | 145 [ 325 ] 307 8.43 38.6 35.5 13.3
jogging-1 22.8 23.1 974 | 228 23.1 [ 231 [231] 228 23.1 22.8 13.7 97.7
jogging-2 18.6 18.6 100 95.8 186 | 18.6 | 18.6 | 18.9 18.9 17.6 16.3 19.5
kitesurf 46.4 274 96.4 | 4.76 46.4 31 | 464 | 488 14.3 42.9 25 2.38
lemming 43.6 38.7 34.1 17.2 405 | 41.1 13727 302 17.1 34.6 14.8 27.6
liquor 223 223 28.4 23 352 | 223 [ 419 279 19.5 28 52.6 28.1
matrix 1.00 1.00 1.00 [ 9.00 350 [ 130200 350 | 330 9.00 8.00 16.0
motorRolling || 4.88 6.1 6.1 3.05 305 [ 549 | 6.1 | 134 | 488 4.88 3.05 8.54
mountainBike || 100 100 100 100 100 | 100 | 100 | 100 100 99.6 0.439 100
panda 53.5 50.6 535 | 515 527 | 52715271373 46.1 6.22 29.9 52.7
shaking 59.5 60 62.5 30.1 567 | 595 (893 67.7 | 46.8 10.4 1.1 53.2
shirt 80.8 81 89.2 69.8 69.5 | 80.8 | 63.7 | 79.6 81.3 82.3 86.6 89.9
singerl 59 58.4 70.7 95.4 91.5 | 55.8 575 ] 721 39.6 97.7 77.8 100
singer2 3.55 3.55 3.55 3.55 883 | 3.55 [ 97.3 ] 100 3.55 71.6 88 3.55
skating1 08.8 100 100 100 96 100 | 88.8 | 100 85.3 99 65.5 100
skiing 9.88 13.6 13.6 | 9.88 13.6 | 13.6 | 13.6 | 8.64 13.6 13.6 12.3 13.6
soccer 13.5 13.5 189 | 344 186 | 148 | 156 | 319 7.65 18.6 14.5 71.7
stone 89.9 100 16.8 20.2 100 [ 89.9 | 100 | 98.3 15.1 13.4 10.1 100
subway 24.6 24.6 7.43 7.43 21.1 | 24.6 [ 109 | 13.1 7.43 10.3 3.43 22.9
surfer 100 98.7 64.5 64.5 526 | 100 [ 579 | 592 | 632 88.2 7.89 100
tigerl 25.5 36.4 527 | 413 479 | 622 ] 45 | 696 12.9 15.8 215 76.2
tiger2 11 38.1 23.8 20.5 11 395 | 474 | 69.3 31.8 65.5 12.9 64.7
trellis 81 82.6 88.2 85.2 847 | 82.6 | 86.1 | 100 30.2 88.4 86.1 95.4
walking2 46 44 432 | 476 48.6 44 1432 ] 404 43 404 49.8 41.6
woman 25 25 94 93.8 93.8 25 | 94 94 38.7 19.9 11.2 93.8
| Median [545] 491 [659] 486 [ 506 [576 [588[634 ] 31 [ 386 | 141 | 74 |

Table 2: The per-video distance precision (DP) (%) for different color features (as in Table 1 in the paper). The best performance is
achieved using color names with a median DP score of 74.0%.



Video [ Int+RGB [ LAB | YCbCr [ Int+rg [ Opp | C | HSV [ Int+SO [ Int+AOpp | Int+HUE | Int+CN |

basketball 747 954 | 683 | 353 | 749 | 6.35 | 165 | 447 9.99 60.2 395
board 110 233 | 252 | 678 | 112 | 142 | 752 | 76 224 3620 24
bolt 409 397 | 382 393 | 408 | 4.03 | 3.89 | 30.1 7.54 390 443
boy 428 17 | 443 17 | 42.8 | 437 | 524 | 54.8 38 3.96 4.64
carDark 276 287 | 272 | 268 | 274 | 271 | 293 | 226 3.07 273 2.79
carScale 256 26 26 257 | 256 | 25.7 | 24 134 259 26.9 26
coke 5.1 149 | 164 | 141 | 152 | 175] 309 | 672 28 17.4 19.2
couple 140 123 | 142 143 | 140 | 123 | 119 | 766 118 118 123
crossing 61.3 318 | 50.5 365 | 491 | 59 | 617 | 785 5.56 32 456
david 123 8.06 2 115 | 129 | 836 | 545 | 144 5.18 8.1 478
david3 722 6.04 | 8.16 | 7.08 | 7.07 | 701 | 538 | 646 6.29 8.28 7.98
deer 4.97 489 | 489 | 483 | 495 | 49 | 126 | 209 4.48 49 4.87
doll 418 172 | 317 | 238 | 345 | 355 | 724 | 179 8.82 285 9.59
faceoccl 2.5 135 | 122 136 | 125 | 13 | 736 | 111 72.1 50.1 13
footballl 283 252 | 28.1 286 | 199 | 109 | 772 | 39.6 172 278 10.6
airl 12.7 133 | 132 124 | 128 [ 123 188 | 133 13.4 12.9 13.1
human 7.49 731 | 748 | 796 | 75 | 79 | 155 | 111 758 7.89 79
ironman 212 399 | 205 184 | 178 | 204 | 569 | 98.7 197 532 555
jogging-1 111 106 | 111 112 | 116 | 110 | 104 | 123 142 105 103
jogging-2 158 156 | 156 157 | 157 | 156 | 151 | 157 157 156 158
Kitesurf 593 599 | 588 | 579 | 593|582 | 10.7 | 363 653 575 3.36
lemming 59.9 821 | 141 80.7 | 108 | 81 | 81.6 | 156 80.2 96.8 83.2
liquor 166 98 152 969 | 165 | 119 | 137 | 110 97 134 115
matrix 71.6 504 | 457 | 707 | 657 | 713 | 532 | 579 53 80.3 68.8
motorRolling 553 535 | 527 536 | 533 | 528 | 379 | 387 389 520 369
mountainBike 6.55 627 | 653 | 648 | 664 | 649 | 689 | 5.64 6.98 6.58 6.62
panda 95.8 61.6 | 687 | 985 | 778 | 117 | 139 | 62.9 76.8 110 92.6
shaking 13.3 127 | 149 148 | 134 | 12.1 | 132 | 212 8.02 125 143
shirt 16.1 976 | 11.7 147 | 151 ] 161 | 187 | 155 16.6 143 9.78
singerl 16.6 14 13.6 145 | 165 | 162 | 119 | 274 10.1 13 7.66
singer2 170 201 169 148 | 171 | 655 | 518 | 172 244 8.79 178
skating 8.45 762 | 801 827 | 808 | 14.1| 7.96 | 22 8.79 8.14 9.01
skiing 275 275 | 275 274 | 275 | 274 | 210 | 220 273 274 275
soccer 134 119 | 120 120 | 132 | 634 | 321 | 104 10.7 145 28.6
stone 1.75 253 | 195 175 | 197 | 28 | 562 | 118 2.01 274 2.18
subway 157 168 | 165 165 | 157 | 157 | 157 | 16l 153 166 157
surfer 4.09 423 | 406 | 401 | 405|186 | 567 | 222 18.7 471 3.88
tigerl 4877 197 | 225 298 | 214 | 214 | 17.7 | 866 114 21 133
tiger2 56.4 212 | 259 103 | 414 | 325 | 182 | 297 248 298 18.8
trellis 225 149 | 208 | 21.1 | 209|201 962 | 578 9.45 15.4 333
walking2 273 46.9 18 19 | 473 | 473 | 398 | 345 414 36.5 38.6
woman 140 831 | 933 893 | 140 | 140 | 103 | 142 94 877 11
Median [ 423 [ 223 256 | 248 [379]235] 214 | 638 17.9 282 138

Table 3: The per-video average center location error (CLE) (in pixels) for different color features with our proposed learning scheme.



Video | Int+RGB | LAB | YCbCr [ Int+rg [ Opp | C | HSV | Int+SO [ Int+AOpp [ Int+HUE | Int+CN |

basketball 100 404 | 100 837 | 100 | 100 | 2.76 | 64.8 93.2 432 51.4
board 8.57 63.6 | 614 929 | 857 | 929 | 857 | 857 63.6 429 63.6
bolt 543 314 | 543 543 | 543 | 100 | 100 | 489 100 5.43 100
boy 66.9 846 | 669 84.6 | 669 | 67.1 | 66.6 | 332 100 100 99.7
carDark 100 100 | 100 100 | 100 | 100 | 100 69 100 100 100
carScale 714 71.8 | 714 714 | 714 [ 714 | 73 78.6 714 71 71.8
coke 86.3 91.8 | 859 845 | 863 | 835 | 639 | 155 533 852 84.9
couple 8.57 10.7 | 857 857 | 857 | 10.7 | 857 | 11.4 10.7 10.7 10.7
crossing 242 56.7 | 342 517 | 342 | 267 | 242 | 117 100 56.7 100
david 832 100 | 837 847 | 83 | 99.8 | 100 | 775 100 100 100
david3 91.3 925 | 913 91.7 | 91.7 | 91.7 | 742 | 57.1 92.1 90.9 91.3
deer 100 100 | 100 100 | 100 | 100 | 87.3 | 5.63 100 100 100
doll 50.1 79 56.7 571 | 478 | 573 | 554 | 604 92.4 58 91.5
faceocc] 92.4 87.7 | 925 87.8 | 924 | 895 | 426 | 984 54 56.5 89.1
footballl 51.4 527 | 514 514 | 527 | 784 | 98.6 | 35.1 67.6 54.1 81.1
girl 88.8 858 | 83.6 864 | 91.8 | 864 | 63.6 | 3.6 83 86.4 89
human 100 100 | 100 100 | 100 | 100 | 82.3 | 39.1 100 100 100
ironman 145 47 145 145 | 145 | 163 | 57.8 | 114 15.1 416 46.4
jogging-1 22.8 23.1 | 22.8 228 | 23.1 | 23.1 | 228 | 23.1 23.1 23.1 24.4
jogging-2 18.6 189 | 189 186 | 189 | 189 | 186 | 189 18.6 18.6 18.6
Kitesurf 452 464 | 452 464 | 452 | 464 | 100 | 16.7 452 46.4 100
lemming 46.9 34 312 42.7 | 399 | 38.1 | 31.7 | 171 40.5 32.1 285
liquor 223 284 | 265 349 | 223|275 273 | 195 277 28 28.1
matrix 12.0 340 | 340 350 | 120 | 150 | 340 | 17.0 29.0 41.0 1.00
motorRolling 6.71 549 | 4.88 671 | 671 | 671 | 976 | 4.88 4.88 427 7.93
mountainBike 100 100 | 100 100 | 100 | 100 | 100 | 100 100 100 100
panda 523 53.1 | 523 523 | 523 | 53.1 | 53.1 | 40.7 53.5 53.9 52.7
shaking 82.2 874 | 677 688 | 82.7 | 90.4 | 81.9 | 479 98.4 86.8 69.6
shirt 81.2 89.1 | 842 814 | 813 | 80.8 | 759 | 81.3 815 835 89.6
singerl 50.7 66.7 | 752 66.1 | 513 | 513 | 952 | 402 96.9 88.9 100
singer2 355 355 | 3.55 883 | 3.55 | 99.5 | 100 | 3.55 71.6 100 3.55
skating1 98.8 100 | 985 97.8 | 100 | 885 | 96.8 | 853 100 100 99.5
skiing 13.6 136 | 13.6 136 | 136 | 13.6 | 741 | 13.6 13.6 13.6 13.6
soccer 18.9 186 | 186 186 | 189 | 189 | 332 | 7.65 91.6 18.6 39.8
stone 100 100 | 100 100 | 100 | 100 | 99.2 | 15.1 100 100 100
subway 24.6 24.6 | 24.6 24.6 | 24.6 | 24.6 | 24 743 24.6 24.6 24.6
surfer 100 100 | 100 100 | 100 | 632 | 961 | 605 40.8 100 100
tigerl 39 65 37 378 | 567 | 57 | 665 | 129 163 40.7 81.7
tiger2 24.7 553 | 427 11 | 299 [ 258 | 74 345 46.6 312 64.7
trellis 543 86.6 | 63.1 613 | 626 | 649 | 97.4 | 306 93.8 85.1 75.9
walking2 34 432 | 474 454 | 432 | 432 | 404 | 428 40.4 432 41.8
woman 25 9 % 9 25 | 25 | 94 38.7 94 94 94
[ Median [ 504 [ 643 ] 59 | 592 [518]602] 665 ] 319 | 715 | 566 | 84 |

Table 4: The per-video distance precision (DP) (%) for different color features using our proposed learning scheme (as in Figure 2 in
the paper).



Video CT| LSST[171] | Frag (1] | LIAPG [3] | LOT[I1] | ASLA [0] | TLD[10] | SCM [17] | EDFT [5] | CSK [2] | DFT [13] | CXT [4] | CPF [12] | LSHT [7] | Struck [0] | CN; | CN
basketball 171 118 15 138 69.2 337 652 379 108 6.6 13 177 552 156 159 929 | 395
board 533 120 919 220 156 665 131 972 985 109 984 114 516 183 288 ) | 4
bolt 371 380 259 408 137 399 88 441 355 429 367 378 131 122 391 42 | 443
boy 321 592 339 7.03 66 844 4,00 549 2.34 20.1 106 1 434 326 335 439 | 464
carDark 120 132 377 1.04 285 137 269 131 185 271 58.8 19.1 531 269 128 283 | 2.79
carScale 74 66.2 15 798 102 125 343 174 764 83 758 554 302 1.2 342 252 | 26
coke 39.1 9277 125 50.4 101 615 321 822 68.9 136 70.7 256 543 321 12.1 308 | 192
couple 778 103 9.79 284 37 87.4 643 284 89.4 144 109 505 347 114 27 123 | 123
crossing 8.08 251 577 634 341 1.62 27 1.66 761 9.18 223 272 988 29.9 263 429 | 456
david 143 16.6 93 4 24 132 343 781 92 7.7 429 755 252 43 32 773 | 4.78
david3 685 16 2.9 90 952 87.4 136 66.7 6.46 56 50.9 222 189 537 107 911 | 7.98
deer 245 196 12 242 66.6 153 118 79.6 157 523 987 125 865 203 6.85 511 | 487
doll 258 36.6 949 5.89 6.46 748 6.75 2.76 96.4 447 595 378 8.63 193 3.68 72 959
faceoccl 262 144 1.2 173 346 69.4 335 3 403 2.6 236 235 2838 29.7 19.1 35| 13
Tootballl 16.7 941 146 92 6.2 133 529 384 1.74 16.2 1.97 43 127 379 286 9385 | 106
girl 192 24 20.1 28 229 352 832 247 13 194 24 851 181 419 274 125 | 131
human 423 178 376 331 238 1.69 110 2.60 577 76 587 209 438 6.59 536 725 79
ironman 175 149 256 163 89.3 162 93 172 231 185 240 150 979 235 100 173 | 555
ogging-1 924 792 276 895 90.9 142 721 138 116 135 314 5.79 197 5.99 786 101 | 103
ogging 2 140 4.04 336 146 144 170 2.1 142 143 164 335 135 137 143 138 171 | 158
itesurt 89 156 98.1 624 934 238 39.9 44 338 64 511 30 125 211 255 379 | 3.56
Temming 134 171 938 178 202 182 16.8 189 80.8 114 778 3.78 115 824 39.7 90.7 | 832
Tiquor 179 145 102 213 871 03 203 110 215 155 221 136 22 41 133 326 | 115
matrix 69 104 164 61.7 833 614 572 537 415 114 106 182 127 66.5 216 792 | 688
motorRolling 166 138 142 207 132 206 87.8 172 183 393 174 133 151 194 143 441 | 369
mountainBike 193 133 200 825 25 728 213 10.1 735 6.38 155 170 212 5.62 8.58 6.78 | 6.62
panda 148 114 114 118 795 649 15.1 104 387 94 171 36.6 525 88 89.7 924926
shaking 126 89.8 19 110 75 231 685 223 104 16.7 263 135 187 15.7 219 751 | 143
shirt 15.1 645 138 714 573 62.9 226 185 473 6.8 441 6.48 798 26.7 6.48 106 | 9.78
singer| 15 2.62 771 534 143 3.03 10.6 294 16.6 154 188 15 6.63 21 124 921 | 7.66
singer2 146 185 725 181 753 202 56.7 176 20.6 185 218 199 528 9.32 172 167 | 178
skating| 184 155 138 159 111 637 104 192 199 7.78 174 137 109 823 823 7.95 | 9.01
skiing 277 262 272 266 245 251 264 222 283 248 276 94.4 261 260 261 275 | 275
soccer 69.1 175 152 101 571 81 69.4 738 243 70.9 140 505 50.7 829 735 8.68 | 25.6
stone 108 36 3438 325 27 1.79 136 237 217 457 2777 78 323 1382 1.79 254 | 2.18
subway 72 139 16.2 148 125 389 36.8 158 346 164 331 140 140 439 3.03 157 | 157
surfer 60 188 216 6.53 939 52.1 373 733 521 451 219 759 303 197 8 415 | 3.88
tigerl 79 107 69 584 107 65.9 70 737 62.1 69.5 413 75 376 154 156 6 | 133
tiger2 69.4 775 118 65.2 150 101 38 107 19 59.6 2.2 372 66.3 363 20.1 186 | 18.8
trellis 511 449 63.7 62.2 479 7.8 55.9 6.84 59.6 189 449 196 445 612 153 208 | 333
walking2 64.6 575 573 5.06 648 373 63.1 1.58 287 185 291 311 549 50.6 2.9 477 | 386
woman 116 146 107 129 122 827 789 371 16.7 208 85 116 133 38 344 302 | 11
Median 784 784 70.8 62.9 60.9 56.8 544 543 535 503 479 438 a1 323 196 143 | 13.8

Table 5: The per-video average center location error (CLE) (in pixels) for all the trackers in the
table 3 in the paper). The best two results are obtained with the approaches proposed in this paper.

state-of-the-art comparison (as in



Video CT[16] | LSST[14] | Frag[I] | LIAPG [3] | LOT[I1] | ASLA[9] | TLD[10] | SCM[17] | EDFT [5] | CSK [8] | DFT [13] | CXT [4] | CPF [12] | LSHT [7] | Struck [6] || CN, | CN
basketball 4.14 12.6 82.2 30.6 63.6 83.6 513 56.1 30.5 100 89.2 6.21 74.8 5.1 11.6 99.9 | 514
board 15.7 15 47.9 4.29 12.1 17.1 10 264 8.57 8.57 8.57 10 314 714 77.1 63.6 | 63.6
bolt 2.57 1.71 14 1.71 90.3 1.71 32 1.43 2.57 343 429 2.57 93.7 374 2.86 100 | 100
boy 66.6 44 575 92.9 66.6 44 100 44 100 84.4 48.5 73.9 100 56.3 100 99.8 | 99.7
carDark 0.763 100 55 100 63.4 100 64.6 100 71.5 100 54.5 70.7 24.7 62.1 100 100 | 100
carScale 64.7 64.7 68.3 64.7 47.6 734 64.3 68.3 64.7 65.1 65.1 63.5 66.7 85.3 64.3 722 | 71.8
coke 12.7 124 3.44 26.5 12 16.2 66 15.5 15.1 87.3 8.59 69.4 357 65.3 94.8 61.5 | 84.9
couple 30.7 10.7 90.7 60.7 63.6 22.9 314 50.7 214 8.57 8.57 57.9 68.6 10.7 83.6 10.7 | 10.7
crossing 98.3 100 40 25 65.8 100 575 100 100 100 68.3 57.5 89.2 55.8 100 100 | 100
david 79.2 69.2 9.55 80.5 344 100 65.8 29.1 100 49.9 314 100 24.6 76 32.7 100 | 100
david3 43.3 54 79 46 98.4 58.3 353 345 100 65.9 74.6 159 54.4 75 33.7 90.5 | 91.3
deer 2.82 2.82 15.5 71.8 225 4.23 28.2 12.7 63.4 100 31 85.9 5.63 4.23 100 100 | 100
doll 56.8 733 90.2 97.4 95.2 92.3 98.5 99.6 60.9 58.1 42.7 99.3 94 374 90.9 97.6 | 91.5
faceoccl 235 86.9 98.1 68.3 26.2 21.2 17.3 93.6 62.8 92.5 62.2 38.1 30.6 63.9 57 87.7 | 89.1
footballl 75.7 86.5 60.8 83.8 100 83.8 514 514 100 75.7 100 100 83.8 98.6 50 87.8 | 81.1
girl 50.4 58.8 65.2 100 64 100 94 44.6 732 554 29.6 84.6 77.2 21.2 100 864 | 89
human 0.485 100 98.8 100 100 100 42.2 100 100 100 100 235 100 100 100 100 | 100
ironman 12 4.82 3.61 10.8 10.2 21.7 12.7 16.9 4.22 133 9.04 3.01 4.82 3.61 542 145 | 46.4
jogging-1 23.1 22.8 66.1 22.8 212 23.1 974 22.8 22.8 22.8 21.5 96.1 50.2 97.1 97.4 23.8 | 244
| jogging-2 0.651 99.3 57.7 18.6 84.7 182 95.4 16 15.6 18.6 16.3 16.6 86 16.3 18.6 18.6 | 18.6
| Kitesurf 452 40.5 31 42.9 3.57 40.5 46.4 32.1 100 46.4 97.6 54.8 4.76 512 57.1 100 | 100
lemming 7.71 16.8 47.4 17.2 80.5 16.7 80.2 16.6 48.8 43.6 51.6 92.3 86.4 42.2 63.2 30.8 | 285
liquor 20.9 20.6 28.5 20.6 93.2 68.2 46.3 337 224 223 22.1 20.7 72.5 59.6 39.1 20.2 | 28.1
matrix 11.0 8.00 7.00 12.0 35.0 10.0 16.0 22.0 10.0 1.00 6.00 8.00 7.00 16.0 11.0 2.00 | 1.00
motorRolling 2.44 3.05 7.32 3.66 4.88 5.49 12.8 4.27 4.27 4.88 4.27 4.27 4.88 4.27 7.93 427 | 7.93
mountainBike 25.9 46.5 14 94.7 70.2 92.1 25 99.1 100 100 35.1 31.6 14.5 100 99.6 100 | 100
panda 224 24.1 46.1 2.07 24.1 52.7 834 17.8 86.7 535 224 84.2 60.2 15.8 52.7 53.1 | 52.7
shaking 0.822 1.1 9.59 4.11 16.4 31.8 3.29 55.6 17 59.5 83 12.6 17.8 69.9 53.7 69.9 | 69.6
shirt 81.4 0.631 753 93.8 99.7 0.526 79.8 78.5 11.7 80.8 113 99.3 99.6 69 98.2 88.3 | 89.6
singerl 86.9 100 22.8 379 214 100 100 100 49.3 59 50.7 96.6 100 40.2 98.3 95.7 | 100
singer2 3.28 63.9 18.6 3.55 194 68 8.47 3.55 64.5 3.55 59.6 10.9 9.29 98.1 3.83 3.55 | 3.55
skating1 8.5 115 18 133 27.8 76.5 27 793 16.3 98.8 19 20 33 56 51 100 | 99.5
skiing 2.47 123 3.7 8.64 247 13.6 12.3 12.3 11.1 9.88 7.41 21 6.17 11.1 4.94 13.6 | 13.6
soccer 20.9 16.8 8.93 20.7 332 10.7 10.2 19.6 179 135 224 24.5 28.1 9.18 21.9 96.7 | 39.8
stone 11.8 65.5 504 65.5 57.1 100 83.2 100 100 89.9 65.5 88.2 45.4 100 99.2 100 | 100
subway 98.3 21.7 72 25.1 829 98.3 60 24.6 100 24.6 100 25.7 234 100 99.4 24.6 | 24.6
surfer 3.95 63.2 43.4 97.4 86.8 7.89 100 5.26 100 100 3.95 90.8 51.3 63.2 97.4 100 | 100
tigerl 1.43 9.74 352 34.1 16 152 23.8 16 324 25.5 67 175 384 7.16 78.8 71.3 | 81.7
tiger2 112 9.59 134 27.1 17.5 129 353 9.59 26.3 11 80.3 36.7 14.5 11.8 69 63.3 | 64.7
trellis 20.9 39.9 374 17.6 30.9 85.8 44.5 87.5 47.6 81 50.6 65.2 22 44.8 73.5 68.9 | 75.9
walking2 40 41.4 34.8 97.6 39.2 40.2 37.6 100 40.2 46 40.2 40.8 34.6 39.8 85.6 424 | 41.8
woman 20.6 20.3 18.8 20.4 15.9 93 40.2 94 93.8 25 95.1 129 18.6 94 99.7 25 94
Median 20.8 234 38.7 28.9 37.1 422 45.4 34.1 49 54.5 41.4 39.5 37.1 55.9 71.3 79.3 | 81.4

Table 6: The per-video distance precision (DP) (%) for all the trackers in the state-of-the-art comparison (as in table 3 in the paper).

The best two results are achieved using the approaches proposed in this paper.
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Figure 1: Precision plots of the overall and attribute-based evaluations showing the state-of-the-art comparisons (as in section 4.6 in
the paper). The value appearing in the title denotes the number of videos associated with the respective attribute. The ranking score
of each tracker is reported in the legend. Overall, the two methods proposed in this paper perform favorably against state-of-the-art
algorithms.
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Figure 2: Success plots of the overall and attribute-based evaluations showing the state-of-the-art comparisons (as in section 4.6 in
the paper). The value appearing in the title denotes the number of videos associated with the respective attribute. The ranking score
of each tracker is reported in the legend. Note that our baseline CSK tracker does not estimate scale variations. Despite this inherent
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limitation, our two approaches perform favorably against state-of-the-art algorithms.
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