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Traditional approaches such as Gaussian mixture model (GMM), Otsu’s and mo-

ment preserving (MP) methods are developed for segmentation of opaque objects. For 
semi-opaque objects like flame and smoke the result is cluttered, due to inappropriate 
threshold, especially if one dominates the other. Besides, rapidly changing environments 
like foggy and rainy scenes increase the difficulty in foreground detection. We propose a 
statistical method for the detection of both opaque objects and semi-opaque objects that 
works in all weather conditions. 

We use difference of histogram and ANOVA for candidate foreground detection 
and Student’s t-test for object segmentation. Experiments are conducted for both opaque 
and semi-opaque objects under both clear and severe weather conditions. The results 
show that for opaque objects, the recall of the proposed is 0.941, while for semi-opaque 
objects, the recall is 0.895. In the scenes where both types of objects exist, the recall re-
main at 0.901. In severe weather conditions, the recalls are 0.93 and 0.88 for opaque and 
semi-opaque objects, respectively. 
 
Keywords: Object detection, Subtraction techniques, Image segmentation, Semi-opaque 
object, Histograms, Analysis of variance 
 

1. INTRODUCTION 

Object detection is a very important issue in machine vision. The approaches for the 
detection of object, or foreground, have been developed successfully, e.g., the Gaussian 
Mixture Model(GMM)[1-5] and the image subtraction schemes such as the Otsu’s [6] 
and the moment preserving (MP) methods [7, 8] if the foreground involved are opaque. 
GMM needs a set of Gaussian models for each pixel in each channel, therefore are com-
putationally intensive, hence may be inappropriate for real time applications [5]. Otsu’s 
method will be good only when the two groups are balanced [9] because of the interac-
tions between the two regions. For the MP method, if the histogram is multi-modal or a 
group dominates others, the threshold might be biased [8]. 

In real applications, however, the need to detect semi-opaque object is not uncom-
mon, e.g., to perceive fire in a community or forest, especially at the early stage.  In 
these circumstances, because of the partial transparency and unbalance nature of flame 
and smoke involved, the detection may not be satisfactory. 

Literatures for fire detection consider fire as opaque object and try to detect features 
such as the arithmetic mean, geometric mean, standard deviation, skewness, kurtosis and 
the entropy of the vertical, horizontal and diagonal features followed by support vector 
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machine (SVM) [10], use Otsu’s method followed by testing the spatial-temporal fea-
tures [11] or determine the pixels that sustain long enough in the motion history image 
(MHI) as foreground [12]. The performances are similar to the traditional schemes de-
veloped for opaque object that suffer from biased threshold and non-adaptive problems. 

In order to obtain unbiased detection, we turn to statistical approach. In the statisti-
cal method, segmentation can be done without consulting the regions hence will not in-
cur the biased threshold problem due to unbalances among objects. Besides, since the 
threshold value is calculated statistically, it is adaptive over the spectrum of transparency 
hence is capable of both opaque and semi-opaque object segmentation. 

Statistical methods, such as the analysis of variance, or ANOVA, for image proc-
essing have been used in several occasions, e.g., [9, 13-15]. Girisha [13] used ANOVA 
for the initial set of foreground pixels obtained by image subtraction at time t、t+3 and 
t+6, and decided as cast shadow if the variances made no difference. In [14], ANOVA 
was used for interpolation; while in [15] it was employed to determine if some important 
features were to be retained. In segmentation, Xue[9] proved that for a two-group prob-
lem, Otsu’s binarization is equivalent to the search for a t-value that provides the largest 
absolute student’s t-statistic or the largest F-statistic defined by the squared t-statistic.  
For multi-level threshold problems, it is equivalent to the search for thresholds that pro-
vide the largest F-statistic corresponding to one-way ANOVA. 

In this paper, we use difference of histograms (DoH) and ANOVA to extract fore-
ground pixels. If the noise is overwhelming, the student t-test is applied subsequently to 
detect the object. Since threshold value is determined statistically, a wide spectrum of 
transparency can be dealt with adaptively without consulting regions, semi-opaque ob-
ject detection is more effective and unbiased. Besides, the proposed method is faster than 
the GMM, the Otsu’s and the MP methods by at least 25% and more hence is suitable for 
real time applications. 

In the first step, a difference of histogram (DoH) is obtained by subtracting the his-
togram of the reference image from that of the test image to extract the candidate fore-
ground and background images. The advantage of subtracting the histograms instead of 
the images themselves is more robust especially when the colors or the grey levels are 
close to each other. Running average background subtraction (RA) [16-19] method may 
also be considered to take the place of DoH for initial set extraction. However, since sta-
tistical method will be developed, and DoH retains sets of samples better, the DoH is 
used. Nevertheless, RA is compared with the methods mentioned herein for both opaque 
and semi-opaque object detection in the experiments. 

 Secondly, the ANOVA is performed for the sets of candidate foreground and 
background pixels, or samples.  If no conclusion is made, the sample is filtered for 
chromaticity and grey level coherence and a t-test is conducted with a specified risk level.  
The flow of the proposed method is shown in Fig.1. 

The remainder of this paper is organized as follows.  Section 2 presents our 
method for candidate foreground detection.  Section 3 suggests our approach to sup-
press the noise from the sample set and determine the confidence interval as well as the 
threshold value for the Student’s t-test.  Section 4 shows the experimental results and 
the comparisons with the traditional methods.  Finally, Section 5 is discussions and 
conclusions. 



A STATISTICAL METHOD FOR GENERIC FOREGROUND DETECTION 

 

3 

 

 
Fig. 1.  Statistical method for generic object extraction 

 

2. ANOVA BASED CANDIDATE FOREGROUND DETECTION 

Instead of averaging images in the RA method, we take from a running sequence an 
image as the reference at some time instant according to user’s preference. The histogram 
of the reference image is subtracted from that of the subsequent test image.  The posi-
tive part in the difference of histogram (DoH) is attributed to the candidate foreground 
pixels while the negative part is considered to be the covered candidate background pix-
els, both are assumed to be independent and normally distributed.  The candidate fore-

ground and background images, or the sample sets 1 2[ , , , ]
F F FnF x x x   and 

1 2[ , , , ]
B B BnB x x x   are then extracted from the input image and are assumed to be 

normally distributed, where 
Fi

x  and 
Bi

x  are the i th pixels, or samples, of F and B 

[20]. According to the maximum likelihood estimation (MLE), the unbiased estimates of 

the means k
  and the variances 2ˆ
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where nF and nB are the numbers of samples in F and B, respectively. 

ANOVA is a well-established and stable statistical method for the set of samples 
that is Gaussian.  Since our experiments show that the results with and without Gaus-
sian assumption make little difference, we assume that both background and foreground 
are independently Gaussian distributed and use ANOVA to see if F differs significantly 
from B by analyzing their means and variances as follows.  If they are not different sig-
nificantly , then F may be a result of B superimposed by noise, hence both are assumed 

to share the same variance 2  which, according to ANOVA, can be estimated from the 

estimated between-group-variance (BGV) 2

BGV
  and the estimated 

within-group-variance (WGV) 2

WGV
  calculated using (2a) and (2b), respectively. 

 2 2
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where 1
BGV

dof k   and 
WGV

dof N k   are the degrees-of-freedom of BGV and 

WGV, k=2 (only foreground and background) is the number of groups, 
F B

N n n   is 

the size of F and B together, 
F B

n n n   and T
  is the grand mean obtained by av-

eraging F


 and B


, and 
2

FS  and 
2

BS  are the unbiased estimators of the variances of 

F and B which are equal in size here. 

According to ANOVA, 2

WGV
  and 2

BGV
  are the unbiased estimator of 2  if the 

null hypothesis holds, or there is no difference between the two sets, as shown in 

eqns.(3a) and (3b) [21] since k T    in eqn.(3b) makes no contribution. 

2 2
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Otherwise, 2

BGV
  will be overestimated, and the problem of deciding if F differs from B 

is equivalent to testing if the ratio 2 2/
BGV WGV

    is close to 1[21]. 

 Note that 2 2/
BGV WGV

    will be F-distributed ,,1 kNkFs   with degrees of free-

dom k-1 and N-k if the null hypothesis holds. Thus, , ,BGV WGVdof dofFs   can be used as 

a criterion for the validity of the null hypothesis.  In this research, since only two groups 
are involved, k=2, the F-distribution can be approximated by the squared Student’s 

t-statistic 2

2,(1- )/2N
t 

 with degree of freedom 2N   shown in (4a) and (4b) respec-
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tively[21], where   is the risk level. 
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where  S ( ) / 2p F BS S   is the pooled estimate of F and B. Here, since F Bn n , 

the within group variance 2
WGV  is the pooled estimate 2

pS . 

The test then becomes to check if , ,BGV WGVdof dofFs    is true.  If it is, then F 

and B are significantly different hence a foreground is detected.  Otherwise, no conclu-
sion can be made since they may either belong to the same set of samples or differ sig-
nificantly but otherwise overwhelmed by massive amount of noises.  Experiments show 
that when the noise level is higher than 42%, making judgment is hard despite the pres-
ence of foreign objects.  If no conclusion can be made, the set of samples is filtered be-
fore the student’s t-test is applied. 

3. NOISE SUPPRESSION AND STUDENT’S T-TEST 

3.1 Noise Suppression 
 

In this case, since the amount of noise pixels is overwhelming, we assume F to be 

normally distributed with N( F , F ) superimposed by the foreground. The confidence 

interval(CI) of this noise distribution is  
/ 2 /FF Fz S n  with risk level α, 

where   /F F FS n  , and / 2z  is the parameter that controls the range of the inter-

val.  
 Now consider the case when the foreground is coherent in chromaticity and grey 

level [22].  This is true for many semi-opaque objects like flame and smoke and holds 
in most cases for opaque objects. In the absolute DoH, the pixels in the CI 
 1.5 FF    are discarded, as indicated in Fig. 2, where  F  and  F  are the 

average and the standard deviation of the numbers of pixels in F. By experiment, we use 

 =0.14 that comes up with the CI of the noise being  1.5 FF    and consider the 

right-hand side (or the upper side in Fig.2) of the CI as the threshold. 
An example histogram of the sample set F is shown in Fig.2, where the shaded area 

indicates the grey levels to be filtered. For  1.5 FF   , we retain only 7% of the 

sample set, similar to[23].  Likewise for the negative side of the DoH for B. Subse-
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quently, the Student’s t-test is applied to the reduced sample set at a specified risk level 
  to estimate the confidence interval (CI) of the difference between the means of the 
candidate foreground and the background. 

 
Fig. 2 Noise suppression 

 
3.2 Student’s t-test 
 

To determine the CI, the difference between the means of the two samples 
F B

   

is calculated and the t-statistic is computed against the given risk level α.  Since 
F

  

and 
B

  are unknown, this is achieved by using the estimates F
  and B

  as shown in 

(5a) and (5b). 
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Since 
2

FS  and 
2

BS  are the unbiased estimates of F and B [21], we have the 

t-statistic T and the degree of freedom t
dof  shown in (6a) and (6b). 
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The CI of 
F B

   corresponding to the risk level α is thus 
/ 2 / 2

t T t    , or 

 / 2 / 2 1P t T t       with 
F

  and 
B

  unknown.  This CI is then used to 

determine if F is a foreground. 
Practically, we can take only one side of the interval and conclude that F is a fore-

ground if (7a) holds, which is also derived as (7b) after substituting (6a) into (7a). 

 / 2 1P T t                                 (7a) 

     2 2

/ 2 / / 1F BF BF B F B
P t S n S n         
 
  

   
    (7b) 

where 
F B

   and F B    are positive integers. 

4. EXPERIMENTAL RESULTS 

We use a PC with Pentium IV at 3.4GHz CPU and 2G RAM and implement the 
GMM [1], the Otsu’s [6], the MP [7] and the proposed statistical methods by MATLAB 
R2010a programs. The datasets, the ground truth, and the risk level determination will be 
explained in the sequel.  Subsequently, the results of the experiments conducted in both 
clear and misty environments will be reported. In both cases, opaque followed by 
semi-opaque and mixed type object detections are involved. Finally, the performance of 
the four methods are analyzed. 
 
4.1 Datasets and Ground Truth 
 

Both opaque and semi-opaque types of objects are tested. The former includes 14 
sets of 6369 images with vehicles and pedestrians. (among which 6 sets and 8 sets are 
downloaded from [24] and [25], respectively.) The latter involves 12 sets of fire images 
with a total of 9536 images at various degrees of transparency (among which 6 sets are 
downloaded from the website[26]), including images with flame only, smoke only and 
combination of fire and/or pedestrians. 

The experiments are conducted in both clear and misty environments, in which 20 
sets of 6886 images are tested in the former while 6 sets of 9019 images are used in the 
latter. 

The training set used to determine the optimal α value includes 1308 images and 
1928 images from 6 opaque and 2 semi-opaque image sequences, respectively, under 
clear environment. These images will be uploaded to [25] afterward. 

The ground truth masks are determined by subtracting the test image by the back-
ground image followed by binarization by artificially selected optimal threshold values. 
This practice is especially necessary since semi-opaque object detection is unprece-
dented to the best of the authors’ knowledge, no golden rule has ever existed to judge the 
detection. We apply the just noticeable detection (JND) rule by human inspection for the 
presence of foreground. The recall rate, FP rate and precision shown in (8a)~(8c) are then 
computed. 
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Recall
tp

tp fn



                                                 (8a) 

FP rate
fp

tn fp



                                                (8b) 

Precision
tp

tp fp



                                               (8c) 

where tp , tn , fp  and fn  are true positives, true negatives, false positives and 
false negatives, respectively. ( )tp fn , ( )tn fp  and ( )tp fp  are the total 
number of pixels of the foreground and the background in the ground truth and those in 
the detected foreground image, respectively. 
 
4.2 Risk Level Determination 
 

 
Fig. 3. F2 measure as   varies from 0.01 to 1 

 

The risk level  is determined to obtain the confidence interval(CI) of the Stu-
dent’s t-test. Smaller   will come up with greater CI meaning lower probability that 
the difference between the means of the foreground and the background exceeds the CI 
hence higher Precision and lower Recall, and vice versa.  We use the image sequence 
suggested in [26], which involves four scenarios: flame alone, flame with pedestrian, 
flame with smoke, and simply smoke to test for the optimal  . The risk level α is var-

ied from 0.01 to 1 and the general F-score F  shown in (9) is computed [27, 28]. 

2

2

( 1) Precision Recall
F =

Precision+Recall


  


                                   (9) 

where β is the weighting factor.  More emphasis is put on Precision if 1   and Re-
call if 0 1  . We use β=2 to attain better Precision. The result is shown in Fig.3 
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wherein F  attains its maximum at α=0.1 which we will use for the subsequent ex-
periments.  
 
4.3 Opaque Object Detection 

 
Images with vehicles and pedestrians have been tested for opaque object detection.  

A typical histogram of image difference (HID) of an opaque object and the threshold 
values determined by the Otsu’s, the MP and the proposed methods are shown in Fig.4.  
The GMM and the RA[16] are not shown since the former is pixel based while the 
threshold of the later is different from what we use here. 

A total of 1040 images with opaque foregrounds by the four methods, namely, the 
GMM, the Otsu’s, the MP, the RA and the proposed methods are tested and the resulting 
Recall and FP rate are shown in Fig.5.  Note that the last three methods are good with 
Recall higher than 0.934 and FP rate lower than 0.029.  The GMM method, on the other 
hand, is pixel-based and the result is cluttered because of the sensitivity in detecting 
small objects. 

Typical images with opaque object detection are shown in Figs.6 and 7. The back-
ground image is not shown in Fig.7 and similar figures later on since it is 
self-explanatory. Note that since the foreground and the background intensities differ 
significantly, the HID is not concentrated and the biased threshold affects only limited 
number of pixels hence does not pose serious problem in segmentation as can be seen 
from Fig.5. The RA in [16] with the best threshold value fixed at 20 and background 
update rate 0.05[17] is also applied and the results are shown in Figs.6(f) and 7(f). Note 
that for opaque object detection, the performances of the Otsu’s, the MP, the RA, and the 
proposed methods are commensurate. 

 
Fig. 4. HID and the threshold values of a typical opaque object 
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Fig. 5. Recall and FP rate for opaque object segmentation 

 
 

  
(a) Test image (b) Ground-truth mask (c) GMM 

  
(d) Otsu’s (e) MP (f) RA [16] (f) Proposed 

 
Fig. 6. Vehicle detection 

 

  
(a) Test image (b) Ground-truth mask (c) GMM 

   
(d) Otsu’s (e) MP (f) RA [16] (f) Proposed 

 
Fig. 7. Pedestrian detection 
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4.4 Semi-Opaque Object Detection 
 
Fire images that involve flame and smoke are tested for semi-opaque object detec-

tion using GMM, Otsu’s MP, RA and the proposed method and the same threshold value 
and background update rate are used. The results are shown in Figs.8-10. 

In this case, we also consider the schemes specifically developed for flame and 
smoke, especially the motion history image (MHI) method[12]. Other methods devel-
oped for flame and smoke such as the SVM [10] and the Otsu’s[11] methods are not 
compared since the results by the Otsu’s methods have been shown, while the SVM in 
[10] is specifically for smoke feature detection instead of being general. 

In Fig.8, since a flame has salient color features which are distinct from the back-
ground, the detection is similar to that of opaque objects. However, schemes that need 
background model updating such as GMM and RA have less advantage here since a 
flame may sway stochastically thus impairs the background model. Furthermore, despite 
the performance, the threshold values and the background update rates in MHI and RA 
have to be tuned from scene to scene. 

 

  
(a) Test image (b) Ground-truth mask (c) GMM (d) Otsu’s 

  
(e) MP (f) RA (g) MHI [12] (h) Proposed 

Fig. 8. Flame detection. 
 

 
Fig. 9. HID of a typical semi-opaque object 
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(a) Test image (b) Ground-truth mask (c) GMM (d) Otsu’s 

  
(e) MP (f) RA (g) MHI [12] (h) Proposed 

Fig. 10. Smoke detection. 
 

Typical smoke detections are shown in Fig.10. Note that, a smoke is characterized 
by being partially transparent in addition to sway arbitrarily. The former makes the grey 
value of a foreground pixel indistinguishable from that of the background hence result in 
a HID which is concentrated at the low end thus the threshold value is biased, in favor of 
the larger one[9] and the smaller semi-opaque part is not detected as shown in Fig.9. 
Consequently, the threshold values in the Otsu’s and the MP methods are biased as 
shown in Fig.9 and the detections are not very effective, see Figs.10(d) and (e). 

The GMM and the RA do not suffer from the biased threshold problem. However, 
they need background model update which will be frustrated by the arbitrarily swaying 
smoke and the segmentation is cluttered as shown in Fig.10(c). The MHI[12] is good but 
the threshold value determination is by no means automatic. 

The proposed method uses Student’s t-test to determine the threshold value and do 
not need background model hence does not suffer from both biased threshold and rapidly 
varying foreground problems. The segmentation is very close to the ground truth mask. 

In this case, four image sequences that involve 1171 smoke images are tested and 
the resulting Recall and FP rate are shown in Fig.11. The results indicate that the pro-
posed method has Recall as high as 0.91. Besides, it does not need background model 
neither threshold value selection. 

 

 
Fig. 11. Semi-opaque object segmentation 
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4.4 Segmentation of Mixed Type of Objects 
 

Scenes that involve both opaque and semi-opaque objects have been tested.  The 
experiments also test the scenarios when foregrounds that differ significantly in either 
sizes or grey levels are involved in the same scene. 

Here, 1439 images from four image sequences are tested and the Recall and FP rate 
are shown in Fig.12 in which the proposed statistical method attains the highest Recall of 
0.911 and very low FP rate at 0.11, as compared with the others. 
 

 
Fig. 12. Performances in the mixed type of objects 

 
The results for the scenes with both flame and smoke are similar to those for 

semi-opaque objects as shown in Figs.13 and 14. 
 

 

Fig.13. HID of a scene with mixed flame and smoke 
 

  
(a) Test image (b) Ground-truth mask (c) GMM 
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(d) Otsu’s (e) MP (f) Proposed 

Fig. 14. Segmentation of mixed flame and smoke objects. 
 

A typical example for the scene with both big and small objects is indicated in 
Fig.15 and Fig.16.  Note that the pedestrian is characterized by having high contrast 
with the background with grey level difference being above 55 while the flame spreads 
wider in grey levels ranging from 30 to 65 in HID, as shown in Fig.15.  Since the pe-
destrian is large in size, it dominates in the determination of the threshold values.  This 
is revealed by the threshold values being biased to the high end in the HID using the 
Otsu’s and the MP methods, leaving the small grey value difference part of the flame 
undetected, as indicated in Fig.16(d) and (e).  Although the GMM is capable of detect-
ing both, it has difficulty in tracking such a rapidly changing background and is time 
consuming, as indicated in Fig.16(c).  On the contrary, the proposed statistical method 
is neither affected by biased threshold nor by the sudden change in background hence is 
able to detect both and is noise free as shown in Fig.16(f). 

 

 
Fig.15. HID of a scene with pedestrian and flame 

 

  
(a) Test image (b) Ground-truth mask (c) GMM 
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(d) Otsu’s (e) MP (f) Proposed 

Fig. 16. Segmentation of pedestrian and flame. 
 
 

4.5 Segmentation of Opaque and Semi-opaque Objects in Misty Environment 
 

In order to test the efficacy of the proposed method under severe weather conditions, 
experiments are conducted in misty environments.  Six sets of 9019 images are tested in 
which 4 sets of 5412 images are opaque objects and 2 sets of 3607 images are 
semi-opaque objects.  The test images are taken in rain and fog, which do not only 
make the scene misty, but are also stochastic, in the mountain areas in mid-Taiwan. 

 

 
Fig. 17. Performances in misty environment 

 

The Recall and FP rate of various methods in misty environment are shown in 
Fig.17.  The reason of the low Recall in the GMM is that the grey levels of the pixels 
changes frequently due to rain or fog and the variance of the Gaussian models are ampli-
fied.  This increases the tolerance against noise but reduces the Recall and makes the 
segmentation fragile.  The Otsu’s and the MP methods, on the other hand, are sensitive 
in the threshold value determination and the detections are somewhat noisy.  The pro-
posed method, nevertheless, does not need a background model and detects the objects 
statistically hence has high Recall and low FP rate. 

Typical segmentations in misty environments are presented in the following for il-
lustration.  The experiments are done in rain and then in fog. 

A scene without foreign objects shown in Fig.18 in rain has been tested first to see 
how the methods perform.  The results indicates that the Otsu’s and the MP methods 
suffer from huge amount of noises since the threshold values are highly sensitive due to 
the spike-like histogram at the low grey level zone.  Nevertheless, the proposed method 
determines the threshold value using Student’s t-test hence is not affected by rain. 
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(a) Test image (b) Ground-truth mask (c) GMM 

  
(d) Otsu’s (e) MP (f) Proposed 

Fig. 18. Segmentation of a scene in rain without foreign object 
 

 

  
(a) Test image (b) Ground-truth mask (c) GMM 

  
(d) Otsu’s (e) MP (f) Proposed 

Fig. 19. Segmentation of a vehicle in rain 
 

With the introduction of a foreign object, the histogram of the Otsu’s and the MP 
methods will not concentrate and the segmentation is good, as shown in Fig.19. The pa-
rameters of the GMM are updated with time, false alarms are minimized yet detection 
rate is degraded and the detected object is somewhat fragile.  The proposed statistical 
method, on the other hand, detects the objects using Student’s t-test, the segmentation is 
robust with respect to rain and is the best in performance. 

Fog usually obscures a scene more seriously than rain.  It drifts easily in the air in 
any direction at any time.  We have tested the methods for both opaque and 
semi-opaque objects at different visibility. 

A typical opaque object detection at visibility 60m is conducted and the segmenta-
tion is similar to those in clear weather, as shown in Fig.20. As the fog gets denser, the 
visibility drops.  The segmentation of a vehicle at visibility 30m is shown in Fig.21.  
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Note that since the variances of the Gaussian models are raised by the drifting fog, the 
sensitivity of the GMM method decreases and the results is cluttered. 

 

  
(a) Test image (b) Ground-truth mask (c) GMM 

  
(d) Otsu’s (e) MP (f) Proposed 

Fig. 20. Segmentation of a vehicle in fog at visibility 60 m. 
 

  
(a) Test image (b) Ground-truth mask (c) GMM 

  
(d) Otsu’s (e) MP (f) Proposed 

Fig. 21. Segmentation of a vehicle in fog at visibility 30 m. 
 

Semi-opaque object detection is conducted by testing a smoke close to the camera by a 
hillside in a foggy, windy and subzero degree of temperature weather and visibility at 15m, 
shown in Fig.22.  The smoke starts from the bottom and sways up to the right.  The upper 
right cluster is waving grasses that is also detected because the background pixels change 
grey levels frequently by being covered on and off. 
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(a) Test image (b) Ground-truth mask (c) GMM 

  
(d) Otsu’s (e) MP (f) Proposed 

Fig. 22. Segmentation of smoke in fog 
 

The difficulty here is that fog is similar to smoke and the soil background is also 
close in grey level to smoke.  Although the GMM detects the smoke, the result is fragile 
since the variances is enlarged by the drifting fog. The Otsu’s and the MP methods per-
forms better but are noisy.  The proposed method, on the contrary, detects the smoke 
better. 

It is interesting to further investigate how the methods work if the environment 
changes rapidly.  Here, we test a distant scene in a windy and foggy condition.  The 
scene is dense in fog with visibility around 15 m and the picture was taken by zooming in 
at a place where the fog is not as dense.  Note that the GMM is insensitive hence not 
much meaningful part is detected.  The others, on the other hand, not only detect the 
objects but also introduce many noises that are attributed to the fast moving fog from left 
to the right that changes the silhouette of the hill, as shown in Fig. 23. 

 

  
(a) Test image (b) Ground-truth mask (c) GMM 

  
(d) Otsu’s (e) MP (f) Proposed 

Fig. 23. Segmentation under rapidly changing environment in dense fog. 
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Huwer [29] suggested using difference of the images at consecutive time instants to 
adapt to the changing environment. Based on this, we conduct experiments for all meth-
ods at 15 frames per second, and the results are shown in Fig.24. Note that even in a rap-
idly changing environment, the proposed statistical method still works well. 

 

  
(a) Test image (b) Ground-truth mask (c) GMM 

  
(d) Otsu’s (e) MP (f) Proposed 

Fig. 24. Segmentation by testing consecutive images in a rapidly changing environment. 
 

4.6 System Performance Analysis and Result Summary 
 

The overall Recall and FP rate of all methods for generic object detection under all 
weather conditions are shown in Fig.25, which indicates that the proposed method is the 
best with Recall and FP rate being 0.912 and 0.076, respectively. 

 

 
Fig. 25. Performances of mixed type of object segmentation under all weather conditions 

 
The overall time needed for a complete object detection cycle by the proposed 

method is 8.8 ms that includes 3.6 ms for foreground and background sample extraction 
and 5.2 ms for confidence interval determination and foreground detection, respectively, 
as indicated in Table I.  

The computation in our method includes: ANOVA, noise suppression and CI de-
termination and the threshold calculation for the Student’s t-test. Overall, only 12 com-
putations are needed, including 4 computations for the means and the variances of F 
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and B in ANOVA and 3 calculations for the grand mean of F and B and the within 
group and between group variances, and 4 computations for the means and the vari-
ances of F and B after noise suppression. Finally, we obtain the CI by table lookup and 
determine the threshold value. On the contrary, Otsu’s method requires 5x255=1275 
computations that include calculations for the means of the two groups divided at the 
grey levels from 1 to 255, and the grand mean and the within group and the between 
group variances. The MP method, on the other hand, requires solving a set of simulta-
neous equations hence is also time consuming. 

Comparison of the execution times by the four methods is given in Table II, which 
indicates that the proposed method is the fastest. 

 

TABLE I 

EXECUTION TIMES OF THE PROPOSED STATISTICAL METHOD 

DoH and foreground / 
background sample extrac-

tion 

CI DETERMINATION AND 

FOREGROUND DETEC-

TION 

Total 
time 

3.6 ms 5.2 ms 8.8 ms

 
TABLE II 

COMPARISON OF THE EXECUTION TIMES OF THE FOUR METHODS  

GMM OTSU’S MP Proposed 

70 ms 13 ms 11 ms 8.8 ms 

 
The performances of the four methods in clear, misty and all weather conditions are 

summarized in Tables III, IV and V, respectively.  These tables reveal that the proposed 
statistical method achieves high Recall yet low FP rate at the shortest time for generic 
object detection. 

TABLE III 
PERFORMANCE IN CLEAR ENVIRONMENT  

Recall/FP rate/ 
Time(ms) 

Opaque Semi-opaque Mixed Average 

GMM 0.76/0.052/71 0.711/0.132/71 0.62/0.193/71 0.7/0.11/71 
Otsu’s 0.934/0.026/13 0.812/0.087/13 0.862/0.096/13 0.87/0.07/13 

MP 0.947/0.029/11 0.84/0.072/11 0.884/0.091/11 0.89/0.06/11 
Proposed 0.952/0.03/8.8 0.91/0.038/8.8 0.911/0.112/8.8 0.92/0.06/8.8 

 
TABLE IV 

PERFORMANCE IN MISTY ENVIRONMENT  

Recall/FP rate/
Time(ms) 

Opaque Semi-opaque Mixed Average 

GMM 0.63/0.092/71 0.56/0.18/71 0.61/0.132/71 0.6/0.13/71 
Otsu’s 0.91/0.1/13 0.82/0.13/13 0.86/0.12/13 0.86/0.12/13 

MP 0.93/0.12/11 0.85/0.16/11 0.873/0.14/11 0.88/0.14/11 
Proposed 0.93/0.07/8.8 0.88/0.1/8.8 0.891/0.1/8.8 0.9/0.09/8.8 
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TABLE V 

PERFORMANCE IN ALL WEATHER ENVIRONMENT  

Recall/FP rate/ 
Time(ms) 

Opaque Semi-opaque Mixed Average 

GMM 0.695/0.072/71 0.636/0.156/71 0.615/0.163/71 0.649/0.13/71 
Otsu’s 0.922/0.063/13 0.816/0.109/13 0.861/0.108/13 0.866/0.093/13 

MP 0.939/0.075/11 0.845/0.116/11 0.879/0.116/11 0.887/0.102/11 
Proposed 0.941/0.049/8.8 0.895/0.069/8.8 0.901/0.105/8.8 0.911/0.076/8.8 

5. DISCUSSIONS AND CONCLUSIONS 

A statistical method has been proposed to detect generic objects, including opaque 
and semi-opaque objects and the experiments have been conducted in both clear and 
misty environments.  In this method, DoH and ANOVA are used to discriminate the 
candidate or initial foreground followed by the Student’s t-test at the final stage. Note 
that our method is for foreground detection for which the initial set can also be obtained 
by RA, MHI, or any viable methods. 

Object detection in the real world usually faces several challenges. Namely, to de-
termine an unbiased threshold value automatically, to detect objects that are small, to 
extract stochastic objects such as semi-opaque objects that change shapes and grey val-
ues from time to time, and to eliminate the disturbances due to randomly changing back-
ground. 

The GMM and the RA methods do not suffer from the biased threshold problem yet 
they need prior images to update the background model hence the detection may become 
cluttered if the foreground is semi-opaque or the background changes rapidly such as in 
windy, rainy or foggy environments. Besides, the performance of the GMM degrades if 
the object is small. The Otsu’s and the MP methods, on the other hand, compare regions 
hence missing object may result due to biased threshold which happens if the objects are 
unbalanced or the HID is concentrated. The proposed method is pixel based that makes 
use of statistical methods without consulting to background model hence is free from 
both biased threshold and stochastic foreground and background problems thus come up 
with more robust results. 

In real applications, the scenarios such as “lighting change” and “moving object 
comes in and stay” may arise.  To cope with these problems, the reference image can be 
updated by choosing the one that has minimal variations determined by the aforemen-
tioned methods such as image subtraction, running average, motion history image or 
others during a specified period of time with the parameters tuned in the field. 

As the technology evolves, demands for applications that had not been taken care of 
start to call.  For instance, deployment of outdoor surveillance and fire detection under 
all weather conditions. The proposed statistical method responds to the call with satis-
factory performance. 
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