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follows:
7
Z Hpi(Copr s Cop) fri
w(C,y,Cy) = i=17 , (11
z Hpi (Cmf > Csf)
i=1
wherele :fR} =fR4 = O,fRz = 0.02,fR5 = 0.5, ande6 =fR7 =0.1.

These settings are driven by sensitivity experiments where they
are not scenario sensitive. A visualization of Eq. (11) is
presented in Fig. 6.

Fig. 6. Visualization of the proposed fuzzy controller.

An example is provided in Fig. 7 to illustrate the distribution
of w in a scene consisting of a dynamic background and
camouflaged foreground. Bright regions indicate high learning
rates; dark regions indicate low learning rates. As indicated in
graph (g), using the proposed adaptive approach, the dynamic
background is absorbed and the mask of the camouflaged
foreground is intact.
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Fig. 7. Dlstrlbutlon of win a scene con51stmg of both a dynamic background
and camouflaged foreground. (a) Screenshot; (b) Segmentation result for
channel Z; (c) Segmentation result for channel u; (d) Segmentation result for
channel v; (e) Segmentation result for channel G; (f) Segmentation result for
channel Gy; (g) Final merged result; (h) Distribution of w for channel L; (i)
Distribution of w for channel u; (j) Distribution of w for channel v; (k)
Distribution of w for channel Gi; (1) Distribution of w for channel G,.

IV. SEGMENTATION FRAMEWORK

In this section, we discuss the proposed segmentation
framework in detail. The structure of the framework is
presented in Fig. 8. As introduced in the first section, we
represent each frame using five independent channels (L, u, v,
G, and G,). Segmentations are performed for each channel in
parallel. Then, the final merged result is calculated as follows:

1. Cy C L CF (12)

where the superscript on each segmentation result Cyrrepresents
the corresponding feature channel.

Cor = mm{C
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Fig. 8. Overview of proposed framework: First, the captured image is
transformed into independent feature channels. Then, for each feature channel,
segmentation is performed in parallel. Then, the segmentation results from all
channels are merged to obtain the final result. Finally, for each feature channel,
pixel models are upgraded according to both segmentation results and merged
results.

Post-processing is used for eliminating the “salt and pepper”
noise. A 5 X 5 median filter is used in our experiments. As an
optional step, a connected area analysis can be used for
removing small dots or filling small holes. The detailed
procedure for the proposed background segmentation algorithm
is given in Algorithm 1.

Algorithm 1. Background segmentation procedure

Input: Video sequence V={I|t=1,2, ..., ns}

Initialization: Assign each position (x, y) with a pixel model My, = {H. | ¢

=L,u,v, Gy, and G,}
For each frame I = {puy, [x=1,2, ..., w5y
If in the learning stage
Update M., according to pxy. = {vc|c =L, u, v, G, and G,} using
Eq. (1) withw=1
Else in the segmentation stage

Calculate the fuzzy interpolation for each v. in px,. according to
M., using Eq. (5)
Calculate the threshold for each H. in M., using Eq. (9)
Calculate the classification result Cy for each ve in px,, using Eq.
(7
Refine the segmentation result for each channel using a median
filter
Calculate the merged segmentation result Cyrusing Eq. (12)
Refine the final result using a median filter and morphological
operations
Calculate the learning rate w for each He in M., using Eq. (11)
Update each H. in M., using Eq. (1)

End For

=1,2,..,h}inV

V. EXPERIMENTS

In this section, the performance of the proposed method was
evaluated against more than 20 state-of-the-art methods
including the most popular and up-to-date methodologies for
background modeling.

The proposed algorithm was evaluated with complex outdoor
environments, particularly those consisting of highly dynamic
backgrounds and camouflaged foregrounds. Twenty-four
testing sequences were selected from five different datasets:
CDnet [21], BMC2012 [22], Fish4Knowledge [23], MAR [24],
and Wallflower [25].

For a fair comparison, in all tests, only one set of parameters
was permitted. The parameter settings for all approaches were
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identical to those suggested by their authors.

We first compared the performance of the proposed
background model with that of 21 recent state-of-the-art
methods using the CDnet dataset. This dataset offers a variety
of realistic scenarios covering a wide range of challenges. The
main advantage of this dataset is that the ground truths for all
video frames are provided. This permits an objective and
precise quantitative comparison of the background subtraction
algorithms. All test sequences were from the dynamic
background category.

Fig. 9. Examples of background segmentation results. Pictures in the first row
are screenshots; pictures in the second row are ground truths. The
segmentation results obtained using the proposed method, SUBSENSE [30],
Spectral-360 [31], SOBS [32], and GMM [33] are presented from the third to
the seventh rows, respectively.

Examples of the classification results are presented in Fig. 9.
t is clear that the proposed algorithm considerably
outperformed the others. The margin is particularly large in
environments consisting of highly dynamic backgrounds and
camouflaged foregrounds (see the first and last columns).

Quantitative comparison results are listed in Table II. The
larger the TPR, SPC, PPV, and F values and the smaller the
FPR, FNR, and PWC values, the better the segmentation. The
best scores are highlighted in bold. It can be observed that the
performance of the proposed method is considerably superior.
In comparison with other methods, the proposed method
obtains top scores in 5 out of 7 metrics. For the SPC and FPR
scores, the proposed method is only slightly outperformed
(approximately 0.0001) by two other methods. The F'; score is
an effective indicator of the overall performance and the F)
score of the proposed method is considerably greater than that
of the others. Note that the proposed method surpasses the
second and third best methods with a 5% to 10% relative
improvement. Because both the TPR and PPV of the proposed
method are as high as 0.93, it can be concluded that the
proposed method performs well in terms of both the true
positive rate and noise suppression ability. The comparison
results reconfirm the power of the proposed pixel-modeling
approach.

To increase the comprehensiveness of our testing, we also

ot

compared the proposed background model with several state-
of-the-art methods using other four datasets, namely BMC2012
[22], Fish4Knowledge [23], MAR [24], and Wallflower [25].
The Fish4Knowledge dataset is designed for tests in a complex
underwater environment. The MAR dataset is designed for
testing maritime applications. Eighteen extremely challenging
testing sequences were selected from these datasets.

TABLE II. COMPARISONS BETWEEN THE PROPOSED METHOD AND 21 STATE-
OF-THE-ART METHODS

TPR SPC FPR FNR PWC PPV Fi

Proposed 0.9312 0.9993 0.0007 0.0688 0.1242 0.925 0.9276
FTSG[34] 0.8691 0.9993 0.0007 0.1309 0.1887 0.9129 0.8792
BinWang[35] 0.9177 0.9956 0.0044 0.0823 0.4837 0.799 0.8436
CwisarDH[36] 0.8144 0.9985 0.0015 0.1856 0.327 0.8499 0.8274
SuBSENSE[30] 0.7768 0.9994 0.0006 0.2232 0.4042 0.8915 0.8177
SaliencySubsense ~ 0.7676  0.9994  0.0006  0.2324 04106 0.9 0.8157
UBSS 0.7637 0.9972 0.0028 0.2363 0.4848 0.8606 0.7904
Spectral360[31] 0.7819 0.9992 0.0008 0.2181 0.3513 0.8456 0.7766
RMoG[37] 0.7892 0.9978 0.0022 0.2108 0.4238 0.7288 0.7352
KNN[10] 0.8047 0.9937 0.0063 0.1953 0.8059 0.6931 0.6865
AAPSA 0.7083 0.9983 0.0017 0.2917 0.4992 0.7336 0.6706
SC_SOBS[32] 0.8918 0.9836 0.0164 0.1082 1.6899 0.6283 0.6686
SOBS_CF[38] 0.9014 0.982 0.018 0.0986 1.8391 0.5953 0.6519
GMM|S&G [7] 0.8344 0.9896 0.0104 0.1656 1.2083 0.5989 0.633

GMM|Z [33] 0.8019 0.9903 0.0097 0.1981 1.1725 0.6213 0.6328
CP3-online[39] 0.726 0.9963 0.0037 0.274 0.6613 0.6122 0.6111
KDE[11] 0.8012 0.9856 0.0144 0.1988 1.6393 0.5732 0.5961
MSTBGM[40] 0.7392 0.9905 0.0095 0.2608 1.1365 0.5515 0.5953
EFIC[41] 0.6929 0.9956 0.0044 0.3071 0.9927 0.644 0.5662
GraphCutDiff 0.7693 0.9063 0.0937 0.2307 9.2106 0.5357 0.5391
ED[42] 0.7757 0.9714 0.0286 0.2243 3.0095 0.4487 0.5081
MDI[42] 0.1237 0.9988 0.0012 0.8763 1.1753 0.7451 0.1798

Fig. 10. Vlsual comparisons. Screenshots and segmentation results for each
considered scenario are illustrated from left to right. Pictures in the first
column are screenshots; pictures in the second column are ground truths. The
segmentation results obtained using the proposed method, Vibe [13], SOBS
[32], and KDE [11] are presented from the third to the sixth columns,
respectively.
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For visual comparisons, examples of the segmentation results
are provided in Fig. 10. It is demonstrated once more that the
segmentation quality of the proposed method is considerably
higher than that of the others. Further, benefiting from the
proposed adaptive mechanism, the proposed algorithm
performed well in all tests with no parameter tuning.
Conversely, the other algorithms could not perform as well with
only one set of parameters. This comparison confirms that the
proposed algorithm has a wide range of adaptability.

Quantitative comparison results are listed in Table III. These
results indicate that the proposed method outperformed the
others by a considerably large margin. The proposed method
obtains the best average F score of 86.27% among the other
methods. It surpasses the second best method with a 11%
relative improvement.

The scores listed in Tables II and III are the average values
for each dataset. Detailed scores for each testing sequence are
listed in Table IV. The standard deviations for all metrics and
all datasets are presented in Table V. The zero in the last row in
Table V is attributed to the fact that there was only one selected
sequence in the Wallflower dataset. It can be seen that the
standard deviation of the F; score is controlled at approximately
0.1, which indicates a balanced performance across all testing
sequences.

TABLE III. QUANTITATIVE COMPARISONS USING THE OTHER FOUR DATASETS

METHOD DATASET TPR SPC FPR FNR PWC PPV F
BMC2012 0.9525 0.9932 0.0068 0.0475 0.7989 0.8279 0.8853
Proposed Fish4Knowledge 0.8897 0.9925 0.0075 0.1103 1.3295 0.8604 0.8714
s Mar 0.8788 0.9847 0.0152 0.1212 1.7423 0.6393 0.7216
Wallflower 0.9976 0.9761 0.0239 0.0023 1.7297 0.9485 0.9724
BMC2012 0.8926 0.9780 0.0220 0.1074 23752 0.5832 0.6906
ViBe[13] Fish4Knowledge 0.8911 0.9533 0.0467 0.1089 5.0240 0.5733 0.6721
: Mar 0.8226 0.9685 0.0315 0.1774 3.4378 0.4490 0.5262
Wallflower 0.9971 0.9477 0.0523 0.0029 3.7199 0.8936 0.9425
BMC2012 0.8345 0.9829 0.0171 0.1655 2.1335 0.6010 0.6872
SOBS[32] Fish4Knowledge 0.8873 0.9674 0.0326 0.1127 3.6954 0.6731 0.7423
: Mar 0.8370 0.9679 0.0321 0.1630 3.4375 0.4605 0.5439
Wallflower 0.9981 0.9436 0.0564 0.0019 3.9700 0.8864 0.9390
BMC2012 0.8918 0.9587 0.0413 0.1082 4.3081 0.5319 0.6284
KDE[11] Fish4Knowledge 0.8863 0.7515 0.2485 0.1137 24.3154 0.2638 0.3502
Mar 0.8008 0.9303 0.0697 0.1992 7.1271 0.4207 0.4488
Wallflower 0.9991 0.9549 0.0451 0.0009 3.1572 0.9071 0.9509

TABLE IV. DETAILED PERFORMANCE SCORES FOR EACH TESTING SEQUENCE
OBTAINED USING THE PROPOSED METHOD

DATASET VEDIO TPR SPC FPR FNR PWC PPV Fy
boats 0.8727 0.9995 0.0005 0.1273 0.1283 0.9186 0.8951
canoe 0.9481 0.9982 0.0018 0.0519 0.3562 0.9512 0.9496
CDnet fall 0.9791 0.9991 0.0009 0.0209 0.1258 0.9513 0.9650
fountain01 0.8788 0.9998 0.0002 0.1212 0.0265 0.8157 0.8461
fountain02 0.9222 0.9999 0.0001 0.0778 0.0250 0.9599 0.9407
overpass 0.9863 0.9993 0.0007 0.0137 0.0834 0.9531 0.9694
Video_003 0.9429 0.9945 0.0055 0.0571 0.6901 0.8263 0.8807
BMC2012 Video_004 0.9675 0.9955 0.0045 0.0325 0.5469 0.8883 0.9262
Video 008 0.9471 0.9899 0.0101 0.0529 1.1596 0.7690 0.8488
Blurred1 0.9489 0.9974 0.0026 0.0511 0.6634 0.9707 0.9596
Blurred2 0.8977 0.9954 0.0046 0.1023 0.6895 0.8206 0.8574
Blurred3 0.9633 0.9967 0.0033 0.0367 0.4834 0.9311 0.9469
Camouflage2 0.8336 0.9931 0.0069 0.1664 1.8294 0.9036 0.8672
Fish4 Complex] 0.8425 0.9871 0.0129 0.1575 2.1348 0.8023 0.8219
Knowledge Complex2 0.8383 0.9891 0.0109 0.1617 23665 0.8763 0.8568
Dynamicl 0.9527 0.9844 0.0156 0.0473 1.6497 0.6455 0.7696
Dynamic2 0.8654 0.9904 0.0096 0.1346 1.6113 0.8323 0.8485
Hybridl 0.8232 0.9957 0.0043 0.1768 1.0911 0.8849 0.8529
Hybrid2 0.9313 0.9961 0.0039 0.0687 0.7760 0.9365 0.9339
c04-C 0.9915 0.9640 0.0360 0.0085 3.5228 0.4491 0.6182
Mar cl0-R 0.8952 0.9976 0.0024 0.1048 0.2874 0.6267 0.7373
H25-cl 0.8060 0.9789 0.0211 0.1940 2.6738 0.5641 0.6637
H25-c2 0.8225 0.9985 0.0015 0.1775 0.4852 0.9174 0.8674
Wallflower WavingTrees 0.9976 0.9761 0.0239 0.0024 1.7297 0.9485 0.9724

TABLE V. STANDARD DEVIATION FOR SELECTED SEQUENCES IN EACH
DATASET OBTAINED USING THE PROPOSED METHOD

DATASET TPR SPC FPR FNR PWC PPV Fi
CDnet Dynamic 0.0445 0.0006 0.0006 0.0445 0.11175 0.0506 0.0438
BM(C2012 0.0108 0.0025 0.0025 0.0108 0.2617 0.0487 0.0318
Fish4Knowledge 0.0526 0.0179 0.0054 0.0521 0.6341 0.2407 0.1123
Mar 0.0732 0.0143 0.0143 0.0732 1.3906 0.1727 0.0943
Wallflower 0 0 0 0 0 0 0

VI. CONCLUSIONS

In this paper, we proposed a novel pixel-modeling approach
for dynamic background subtraction using histograms based on
strong uniform fuzzy partitions. In the proposed method, the
temporal distribution of pixel values is represented by a
histogram based on the triangular partition. The threshold for
background subtraction is set adaptively according to the shape
of the histogram. To recover the PDF accurately across a wide
spectrum of environments, we control the learning process
adaptively using a fuzzy controller under a supervised learning
framework.

We evaluated the proposed method under complex outdoor
environments, particularly with those consisting of highly
dynamic backgrounds and camouflaged foregrounds.
Experiments confirm that the proposed method performed well
in terms of both the true positive rate and noise suppression
ability and outperformed other state-of-the-art methods by a
significant margin. Further, benefiting from the proposed
adaptive mechanism, the proposed algorithm performed well in
all tests with no parameter tuning.

APPENDIX

We provide a method to determine the coefficients used in
Eq. (9). In detail, we denote the relation between ¢ and T as ¢
= F(T). The function F(T) can be calculated as follows:

1 . 1 N-1
F(T)=§ A I A(x)dx =EZAi(T), (A1)
A(x)>T =l
where
%(Hi +Hy,) T <min(H;, H,,)
2 2 . (A2)
A(T) = max(H, Hyy, ] =1 min(H,,H,,,)<T < max(H,,H,,,)
H; — H|
0 max(H,,H,,,)<T

It can be seen that F(T) is a monotonic decreasing function. Let

o be a permutation such that Hso) < Hs1) < ... < Hov. Then,

given a fixed i, coefficients a, b, and ¢ are constants when Ho;)

< T'< Hyi+1). Therefore, for a detection rate ¢, suppose F|Ho+1)]
< ¢ < F[Hos)], the coefficients a, b, and ¢ can be obtained by

solving the following system of linear equations:

aHé(,-) + bHo.(,-) +c= F[Ha(i)]

2 (A3
a|:Ho'(i)+2Ho'(i+l)i| . bHo'(i)+2Ho'(i+l) e F{Ho'(i)+2Ho'(i+l):| (A43)

aHg'(iH) +bHo'(i+l) te= F[Ho'(i+l)]
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