
2013 International Nuclear Atlantic Conference - INAC 2013 
Recife, PE, Brazil, November 24-29, 2013 
ASSOCIAÇÃO BRASILEIRA DE ENERGIA NUCLEAR - ABEN 
ISBN: 978-85-99141-05-2 

 

IMPROVED PEOPLE DETECTION IN NUCLEAR PLANTS BY VIDEO 
PROCESSING FOR SAFETY PURPOSE 

 
Carlos Alexandre F. Jorge1a,2, José M. Seixas2b,3, Eduardo Antônio B. Silva2c,3,        
Fábio Waintraub3d, Antônio Carlos A. Mól1e and Paulo Victor R. Carvalho1f 

 
1Instituto de Engenharia Nuclear (IEN/CNEN) 

Rua Hélio de Almeida, 75 
Cidade Universitária - Ilha do Fundão 

21941-906 Rio de Janeiro, RJ 
acalexandre@ien.gov.br 

emol@ien.gov.br 
fpaulov@ien.gov.br 

 
2Programa de Engenharia Elétrica - COPPE 

Universidade Federal do Rio de Janeiro 
Cidade Universitária - Ilha do Fundão 

21941-972 Rio de Janeiro, RJ 
bseixas@lps.ufrj.br 

ceduardo@smt.ufrj.br 
 

3Departamento de Engenharia Eletrônica e de Computação - Escola Politécnica 
Universidade Federal do Rio de Janeiro 
Cidade Universitária - Ilha do Fundão 

21945-970 Rio de Janeiro, RJ 
dfabiowaintraub@hotmail.com 

 

 
 

ABSTRACT 
 
This work describes improvements in a surveillance system for safety purposes in nuclear plants. The objective 
is to track people online in video, in order to estimate the dose received by personnel, during working tasks 
executed in nuclear plants. The estimation will be based on their tracked positions and on dose rate mapping in 
a nuclear research reactor, Argonauta. Cameras have been installed within Argonauta’s room, supplying the data 
needed. Video processing methods were combined for detecting and tracking people in video. More specifically, 
segmentation, performed by background subtraction, was combined with a tracking method based on color 
distribution. The use of both methods improved the overall results. An alternative approach was also evaluated, 
by means of blind source signal separation. Results are commented, along with perspectives.  

 
 

1. INTRODUCTION 
 
Video surveillance has been a very active R&D field that spans through many different 
applications, as monitoring people activities in public or controlled places, in general for 
safety or security purposes. Just to cite some application examples, tracking people in video 
may be used for detecting suspect behavior, either based on people movements and 
interactions, or on objects carried or left by them. A good overview of surveillance 
approaches and applications may be found in [1]. 
 
This work focuses on a specific problem related to safety for nuclear plants’ personnel. The 
surveillance system aims at detecting and tracking people moving within a nuclear plant, to 
estimate radiation dose received by them, based on their tracked positions and on available 
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radiation dose rate mapping within the environment. The experimental part is carried out at 
Argouauta nuclear research reactor (Argonauta, for short), a nuclear plant at Instituto de 
Engenharia Nuclear (Nuclear Engineering Institute - IEN), Comissão Nacional de Energia 
Nuclear (Brazilian Nuclear Energy Commission - CNEN). This work could serve as a 
monitoring system to improve safety for personnel, and as a decision support system for 
managers; the later could monitor personnel activities within this nuclear plant, and decide to 
substitute a person according to his or her received radiation dose, to fulfill ALARA’s 
requisite [2]. 
 
A previous work introduced this research project [3], where some results were presented for 
background subtraction – a stage that is commonly applied for detecting and tracking people 
in video – by using different approaches. Currently, this R&D has moved some steps further, 
by combining background subtraction with a well-known tracking method based on color 
distribution. Also, an alternative approach has also been evaluated, using a blind source signal 
separation (BSS) method. Results are shown and discussed, along with possible future 
advances. 
 
Some methods were implemented, namely: (i) Gaussian mixture modeling (GMM), [4], [5]; 
(ii) Camshift [6], [7]; a combination between both GMM and Camshift; and (iv) the BSS 
method named Independent Component Analysis (ICA), [8]. The two former methods are 
among the most cited ones in the literature, for benchmark analysis. The later one has been 
used from the beginning of this research project. 
 
 

2. RELATED WORK 
 
This section comprises comments about some works related to the current research project. It 
gives an overview of research works that involve computer-based simulation for training 
nuclear plants’ personnel, for safety purposes – including previous works developed in IEN –, 
and a brief introduction about Argonauta. 

2.1. Simulation for Safety Purpose in Nuclear Plants 

 
Some research groups have been developing simulations – mainly based on virtual reality 
(VR) approach – for environments subject to radiation dose exposure, envisaging personnel 
training and tasks execution planning. IEN’s staff has been developing similar applications, 
for which first results were reported in [9]. The reader may find a good overview of IEN’s 
R&D in [10], along with more recent results. Reference [10] cites also related approaches by 
other research groups. Basically, two approaches for obtaining dose rate distributions may be 
envisioned from those cited works: (i) by measurements campaigns; or (ii) by computer-
based calculations. IEN’s staff has followed the first approach cited: dose rate distribution 
representation by measurements, collected within Argonauta’s room. 

2.2. Argonauta Research Reactor 

 
Argonauta is a research reactor that has been operating since 1965, for research and teaching 
purposes. One of the main activities carried out in Argonauta is non-destructive testing of a 
diversity of materials. The evaluation of dose received by personnel during this type of 
activity is the focus of the current R&D. A previous work was conducted to obtain a more 
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detailed radiation dose rate distribution database [10], in the location of interest – 
corresponding to a “hot area” (with high dose rates) within Argonauta’s room, near its 
radiation output channel named J9 (see Fig. 1), and its proximity. 
 

 
 

Figure 1: Argonauta research reactor’s view showing the output radiation channel. 
 
 

3. METHODOLOGY 

3.1. Video-based Surveillance Systems 

 
The GMM, [4], [5], a pixel-based method, appears as one of the most cited ones for 
background modeling and subtraction. GMM is implemented in the widely known image and 
video processing toolbox OpenCV [11], [12], with recent implementations for efficient 
computation and shadow discrimination [13], [14]. 
 
Tracking based on color parameters named Camshift [6], [7] is based on color histogram 
extracted from a region of interest (ROI) around the object to be tracked. In fact, Camshift is 
an adaptive implementation for video processing of a former method named Mean-Shift 
(MS), which in turn is an optimization-based method used for mode seeking in statistical 
distributions. Once the color histogram in the initial frame is extracted, for each new 
incoming frame from a video sequence, this method tracks the new region that matches the 
former ROI, by seeking the distribution mode. 
 
ICA [8] was also used as an alternative approach to separate foregrounds from the 
background. This method estimates original source signals from given mixtures. Based on a 
similar proposal in the literature [15], the mixtures correspond to given frames of the video 
sequence, and the estimated independent sources correspond to the foregrounds and the 
background. 
 
In fact, different methods will be evaluated in the future, possibly with new ones being 
considered, and some others discarded. Detectors for specific people, as reported in [16], are 
good choices, since they are deployed to find images of typical persons in a frame. Detection 
of objects (people) by parts [17]-[19] are also very interesting options, since they can deal 
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quite good with occlusion situations. Further results with the planned extended video 
database will be reported in the future. 

3.2. The Surveillance System Development 

 
A thorough evaluation of the video tracking methods requires a specific extensive video data 
base. Specific because the application – received radiation dose rate evaluation for nuclear 
plant’s personnel – does not correspond to generic videos for tracking benchmark. It requires 
image acquisition in the specific environment, with the specific tasks and situations to be 
covered by this surveillance system. 
 
For this purpose, typical operational tasks executed by personnel within Argonauta’s room 
were listed, to serve as a starting point for a script to be followed by people. This script will 
comprise variations over the above mentioned tasks list, to accommodate possible situations 
that may occur in this environment. 
 
Although there are some well developed methods in the literature that solves many problems 
related to people tracking, as occlusions or appearance and disappearance of objects in a 
scene, it is yet to be investigated whether they fulfill the whole required processing needs for 
this specific application. This is why an extensive evaluation is needed. 

3.3. Detailing the Evaluated Methods 

3.3.1. Background modeling and subtraction 

 
The background modeling and subtraction method chosen, GMM, is a per-pixel multimodal 
parametric modeling, in which each pixel’s history is modeled as a mixture (sum) of 
Gaussians, to accommodate the multimodal distributions that may occur with varying 
backgrounds. The mixture is shown in Eq. 1: 
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where: 

• Distributions are multivariate for color images, while univariate for gray-level ones; 

• N(.) stands for a multivariate Gaussian; 

• k: Gaussian index in the mixture; 

• K: number of Gaussians used (in general, three to five); 

• t: current time instant; 

• tk ,! : weight of k-th Gaussian, at instant t, corresponding to its relative persistence; 

• tx : random vector containing color channel values for the current pixel, at instant t; 

• tk ,µ : mean of the k-th Gaussian, at instant t; 

• tk ,Σ : data covariance matrix, of the k-th Gaussian, at instant t; 

• d: multivariate distribution dimension, d = 3 (three color channels). 
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In the original GMM method its authors simplified the covariance matrix to being diagonal 
with equal variances in all dimensions. Thus, the main idea behind this method may be 
simplified for the univariate case. The term persistence above is related to the relative 
frequency with which incoming pixel values from new frames match a given Gaussian in the 
mixture. This helps to characterize pixels corresponding to the background or to the 

foreground: (i) pixels corresponding to the background exhibit high persistence ! while low 

variance ", because of low fluctuations in the pixels’ values; (ii) pixels corresponding to the 

foreground exhibit low persistence ! while high variance ", because of higher fluctuations in 

the pixels’ values and fewer observations. Thus, the ratio !/" is used to determine whether a 
pixel belongs to the background or foreground: (i) higher ratios mean the pixel belongs to the 
background, while (ii) lower ones means the pixel belongs to the foreground. 
 
The model is adaptive in that, when a Gaussian of the mixture matches a new pixels’ value 

(within 2,5"), its parameters are adapted according to: 
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in that % is a learning coefficient; and: 
 

( ) 1,1 1 ++ +#= tkk,tk,t M%!%! . (2d) 

 
where: 

• M = 1 for the winning Gaussian; and 

• M = 0 otherwise. 
 

Thus, Gaussians that correspond to the background tend to move to the top of the !/" 
ranking, while ones that badly represent the background and may correspond to the 
foreground tend to move towards its bottom. A heuristically-determined threshold is used for 
decision. One consequence of the adaptation is that, initially detected foregrounds may be 
considered background after being static for some time in the scene. 
 
Shadow discrimination can be performed based on background color information that is the 
same whether under shadow or not, and is different from that of the foreground. 

3.3.2. Tracking based on color histogram 

 
The MS and Camshift methods rely on the fact that, for image processing, the mode of a 
distribution is located approximately at the center of an object of interest (to be tracked). The 
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MS method uses ascendant gradient optimization to search for the new location of a 
distribution mode, given a previous ROI. As the position of moving objects does not vary 
much from frame to frame, such a simple optimization method justifies itself, resulting in low 
computational complexity. 
 
Such methods extract, in general, color distribution from an object to be tracked, and do so 
using the Hue Saturation Value (HSV) representation, in that color information remains 
concentrated in the H component (Hue), separated from other information as saturation and 
brightness. Therefore, just a univariate color histogram is obtained. 
 
From the ROI, the methods estimate the color distribution according to this histogram, 
seeking for its mode. At each new frame, the methods estimate, from the former ROI, a new 
one, by seeking the new mode position by optimization. The Camshift is more adequate for 
video processing, since it accommodates variation in the distributions, such as in the ROI 
area – that is fixed for the MS method; this also accommodates scaling. 

3.3.3. Combination between background subtraction and color-based tracking 

 
It is worthy pointing out two interesting facts regarding background modeling and tracking 
methods: (i) background modeling and subtraction methods such as GMM result in detected 
and segmented foregrounds that correspond to moving people, but with no detail about who 
is who in the whole foreground, instead, if a number of people is detected and segmented, the 
foreground will comprise all of them; (ii) object or people tracking methods such as Camshift 
may be used to track individual persons, but must be initialized in the first frame for ROI 
determination, from which the matching regions in the subsequent frames are tracked frame 
to frame. This initialization for Camshift may, in principle, be done interactively [11]. But, of 
course, this would not be the ideal case for the present R&D. 
 
Thus, it becomes clear that both methods – background modeling and subtraction, and color-
based tracking – may be combined in such a way that an initial foreground detected by the 
former is used as initialization for the later. This approach was followed in this R&D: when 
someone enters the camera field of view, a foreground is found by GMM, defining then an 
initial ROI; thus, Camshift is employed to track the matching regions frame by frame. When 
Camshift loses tracking – what is inferred by when the newly found ROI has an abrupt 
change in position or area – GMM is employed again to obtain correctly a new ROI to re-
initialize Camshift. A similar proposal can be found in [20]. 
 

3.3.4. Foreground segmentation based on blind source signal separation 

 
For a quite detailed explanation of this method, please refer to [3]. The ICA is a BSS method, 
meaning estimating original source signals from their available mixtures. This method relies 
on the central limit theorem, which states that mixtures tend to be more Gaussian than their 
components alone; therefore, optimization methods based on non-Gaussianity as objective 
functions lead to statistically independent sources’ estimation. 
 
For background subtraction, an approach similar to the one used in [15] was followed, in 
which pixels of each frame are stacked in a vector, and thus considered as onedimensional 
signals. Two mixtures are supplied to the ICA method that estimates two source signals 
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corresponding to the foreground and the background. One of the mixtures is considered to be 
a previously obtained empty frame (without foreground). 
 
This method, the way it was implemented, extracts also shadows together with the desired 
foreground. Thus, shadow discrimination methods should be applied as post-processing. The 
advantage of ICA over methods such as the GMM, is that it does not lose the foreground if it 
remains static in the scene. 
 

4. EXPERIMENTAL RESULTS 
 
This section shows results obtained with the proposed combination of methods. Section 4.1 
shows foreground segmentation results obtained with GMM; section 4.2 shows results 
obtained with a combination of GMM and Camshift; while section 4.3 shows foreground 
segmentation results obtained with ICA. 

4.1. Gaussian Mixture Model 

 
Figure 2 shows foreground results obtained with GMM. Figures from 2a to 2c show the 
foregrounds obtained, and the results of shadow discrimination; Figures from 2d to 2f show 
the corresponding bounding boxes over the original frames, after 2D connected component 
analysis (2D-CCA), [4]. 
 

a)  b)  c)  

e)  f)  g)  
 

Figure 2: Foregrounds obtained with GMM. 
 
One can notice the final good results obtained after all the processing; the bounding boxes 
correspond, with a good approximation, to the person in each frame. As shown in Figures 2b 
and 2f, the shadow was not completely discriminated from the foreground in a region, 
increasing it. However, this was not a critical result, as the bounding box still shows a good 
approximation of the person’s location. 

4.2. Gaussian Mixture Model with Camshift 

 
Figure 3 shows foreground results obtained with a combination between GMM and Camshift. 
In this case, the system first obtains the foreground with GMM, what is shown in Figure 3a; 
from this point on, the system calls Camshift to track the color distribution-based ROI, as 
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shown in Figures 3b to 3d. Blue bounding boxes correspond to GMM-based result, while 
green ones correspond to Camshift-based ones. 
 

a)  

b)  c)  d)  
 

Figure 3: Tracking obtained with a combination between GMM and Camshift; a) First 
ROI detection by GMM; b) to d) ROI tracking by Camshift. 

 
By comparing Figures 3b to 3d with the previous Figures 2e to 2g, one can notice the 
bounding boxes obtained with Camshift differ somewhat from the ones obtained by GMM 
only. This may be explained in the following manner. Foregrounds obtained by GMM 
involve approximately all moving regions, after background noise filtering and foreground 
connection by 2D-CCA, what includes all the person’s body – unless for possibly lost parts. 
But ROIs tracked by Camshift from frame to frame correspond to regions approximately 
centered in corresponding color distributions’ tracked mode; further, the ROI areas are 
adapted also from frame to frame. Thus, there is no guarantee that the resulting bounding 
boxes will include all the person’s body. Some body parts may be left outside the bounding 
boxes, as all processing is based on color information, not contour or geometrical information 
– consider also background color interference in the ROIs determination. 
 
However, the resulting bounding boxes still show a good approximation to the person’s body; 
Camshift’s low computational cost justifies its use after the first ROI is detected by GMM. 

4.3. Background Subtraction by Independent Component Analysis 

 
Figures 4 and 5 show foreground results obtained with ICA. Figure 4 shows the ICA’s project 
stage, when the separating matrix is estimated. The mixtures correspond to Figures 4a and 4b, 
and the resulting estimated sources are shown in Figures 4c and 4d. One can notice the 
separation is not perfect, as some background texture interference is present in the source 
corresponding to the foreground (Figure 4c), while a “ghost” is present in the source 
corresponding to the background. 
 
The background texture interference in the foreground can be supressed by binarization and a 
subsequent connection between eventually separated body parts by a morphological operation 
[21], for example. 
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a)  b)  

c)  d)  
 

Figure 4: BSS with ICA – project stage; a) and b) mixtures; c) and d) estimated sources. 
 
Figure 5 shows results obtained in the ICA’s execution stage. For all cases, each line 
corresponds to a video frame; also, the leftmost column show the gray-level frames, the mid 
column show the foreground source estimation also in gray level, while the rightmost column 
show the corresponding binarization results. 
 

   

   

   

   
 

Figure 5: BSS with ICA – execution stage; leftmost column: gray-level frames; mid 
column: gray-level estimated foregrounds; rightmost column: binarized foregrounds. 
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The binarized results show the shadow interference in obtaining the foreground. The gray-
level results show clearly that this interference is due to background textures in regions 
covered by the person’s shadow. Therefore, an additional shadow discrimination method 
should be added to this processing sequence, to eliminate such undesired interference. 
 

5. CONCLUSIONS 
 
Results shown in sections 4.1 and 4.2 seem promising. But one problem, already verified – 
that needs further extensive evaluation – is interference due to similarities in colors. Two 
situations arise: (i) people with clothes of similar colors, and (ii) people with clothes with 
similar to the one of background regions. The first situation mentioned is a typical one in this 
particular application, since the personnel uses uniform. 
 
Tracking errors due to color confusion, may seem a less important problem in a generic 
surveillance system, provided they occur for a small percentage of time. On the other hand, 
for this application, it is very important, since the received dose must be correctly assigned to 
each one of the personnel; incorrect assignments may result in a breach of safety for them, 
and to avoid such situations is the main system goal. 
 
Based on the results obtained with the more extensive video database, heuristics, or possibly 
modifications to the existing methods, will be proposed to overcome the encountered 
problems. It must be pointed out that there are other methods’ combinations proposed in the 
literature, besides the one used here. As commented in section 3.1, there are methods that 
track objects or people by parts, to overcome partial – or, in some cases, even short-time total 
– occlusions. Thus, they should be also evaluated to verify what suits best for the specific 
application in this R&D. 
 
Relatively to the ICA method, it must be pointed out that it was applied in a quite simple 
manner, by stacking all frames’ pixels values in vectors. By treating image data as 
onedimensional signals, spatial information may be lost. Thus, more adequate 
implementation, such as block processing [21], could lead to better results; there are 
proposals in the literature to represent images by similar methods, using block processing 
[22]. 
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