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Abstract 
In this paper we investigate the effectiveness of particle filters for object tracking in infrared videos. Once the 

user identifies the target object to be followed in position and size, its most representative feature points are 
obtained by means of the SURF algorithm. A particle filter is initialized with these feature points, and the 
location of the object within the video frames is determined by the average value of the particles that have a 
greater similarity with the target. Our aim is to make possible unnupervised object tracking in unmanned night 
flights. Two different field tests were carried out to study the filter behaviour in comparison with previously used 
methods in the bibliography. The first one was tracking an unmanned aerial vehicle (UAV) in the open. The 
second one was to identify a heliport in a noisy infrared zenithal video take. In the first test, the UAV was 
followed by another positioning system simultaneously, thus allowing the comparison of both systems, and the 
evaluation in the improvement introduced by the particle algorithm. 
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1 Introduction 
Target detection and tracking from infrared videos has several applications in the fields of early warning, 

precision guidance, and surveillance, among others [1]  [2]. Current research in the subject, in which particle 
filters were applied, are mostly focused daylight and visible light takes, on small targets, noise-free 
background, or with very slow variations [3]  [4]  [5]. To adequately perform object tracking in infrared 
image sequences, different algorithms are embedded in the particle filter framework, such as histogram 
modification and mean shift [3]. Fuzzy clustering [6]  [7] combines border extraction filters applied in 
combination with fuzzy logic and clustering. To address fast target movements and appearance changes, an 
eigenspace model is used combined with a saliency method in a two-step sampling and observation 
framework [4]  [8]. 

Particle filters are a special kind of sequential Monte Carlo methods, which are specifically advantageous 
in transition state models and measurements, especially when these are non-linear and not Gaussian [9]. The 
observations update the probability of validating a hypothesis, that is, they use all the available information 
to reduce the amount of uncertainty present in an inference or decision problem, obtaining in a sequential 
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way a numerical approximation [10]. Monte Carlo computational techniques [11] were developed to 
represent posterior probability densities in terms of random samples with their associated weights. In 
particular, the particle estimators do not have the restrictive hypothesis of the Kalman estimator, and 
therefore they can be applied to non-linear models with non-Gaussian and multimodal noise, in which the 
reliable numerical estimate is a function of an adequate number of samples [12]. 

In this work, we expect to extend the applicability of particle filters for object tracking in infrared image 
sequences, making feasible unmanned night flights in the aforementioned contexts. We propose an 
improvement of the target image based on a reduction of the background incidence. This is achieved by 
means of a modification of the mean intensity value and its histogram. After applying this process, the SURF 
algorithm is used to detect characteristic points of each particle and, with them, a similarity measure with 
respect to the reference particle. To cope with unpredictable movements of the target and camera variations, 
in the resampling process a dispersion value is considered as a function of the number of valid particles, so 
that the area covered during tracking is dynamically modified. 

2 Particle filter tracking 
Particle filter tracking is performed combining new particle information with the one obtained previously 

using  Bayes theorem [11]. To define the estimation problem, consider the evolution model of the state 푋 of 
a system by the following equation: 

푋 = 푓(푋 , 푣 ), (1) 
 

where the state vector 푋 휖 푅   contains all the variables that will be dynamically estimated. These variables 
evolve according to the structural equation (1), where 푓 is the non-linear function of the state variables, and 
푣 휖 푅  represents the state of the noise system. On the other hand, consider the observation model 
corresponding to the measurements 푍 휖 푅   available in 푡   , with 푘 = 1,2, …. These measurements are 
related to the state variables 푋 by means of a non-linear function ℎ in the following equation: 
 

푍 = ℎ(푋 ,푛 ), (2) 
 

where 푛 휖 푅 is the measurement noise, and ℎ is known as an observation model. The estimation problem 
focuses on obtaining state information 푋  based on the evolution model (1) and the measurements 푍 : =
{푍 ,푘 = 1, … , 푘} given by the observation model (2). The evolution-observation model given by the 
equations (1) and (2) are based on the following hypotheses that are referring to the following sequences 
(where 푃 denotes the probability of event a given observation b): 
 
푎) 푋 ,푘 = 1,2, … is a Markov process [10]  [13] 
 

푃(푋 |푋 ,푋 , . .푋 ) = 푃(푋 |푋 ), 
 
b) 푍 , 푘 = 1,2, … is a Markov process regarding the historical data of 푋 such that 
 

푃(푍 |푋 ,푋 , . .푋 ) = 푃(푍 |푋 ), 
 
c) and the sequence of past observations only depends on its history, that is 
 

푃(푋 |푋 ,푍 ) = 푃(푋 |푋 ). 
 

In addition to the evolution-observation model given by the equations (1) and (2), it is necessary to 
consider that for all  푖 ≠ 푗 , the noise vectors 푣 ∧ 푣  as well as the vectors 푛 ∧ 푛  are mutually independent 
of the initial state 푋  and also mutually independent for all 푖 ∧ 푗. Assuming that we know 푃(푍 ) = 푃(푋 ), 
then the probability density 푃(푍 : ) is obtained by means of the Bayesian estimator in two steps, prediction 
and updating [12]  [13].  
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The principle of the particle filter is to represent the posterior probability density function as a set of 
random samples (particles) with their associated weights. After that, it is possible to calculate an estimation 
of the most probable particle based on these samples and their weights. As the number of samples increases, 
the Monte Carlo characterization approaches the representation of the a posteriori probability function, and 
the solution approaches an optimal Bayesian estimator  [14].  

Let us take the set of states up to     푡   ,  푋 : = 푋 , 푗 = 0, … , 푘 , the set of particles  푍 : , 푖 = 0, …푁  
and their associated weights 푊 , 푖 = 0, …푁 , where 푁 is the total number of particles, and the weights are 
normalized such that 

푊 = 1. 

 

Then, the a posteriori density in 푡  can be approximated by: 

 

푃(푋 : |푍 : ) ≈ 푊 훿 푋 : − 푋 :  ,   (3) 

 

where 훿(. ) is Dirac’s delta function, and considering the hypotheses corresponding to the expressions (1) 
and (2) the density a posteriori (3) can be written as [15]: 

푃(푋 |푍 : ) ≈ 푊 훿 푋 − 푋  .      (4) 

 

A common problem in this algorithm is the phenomenon of degeneration, where after a few states, all but 
a few particles (usually one) will have an insignificant weight [12] [15]. This can be solved resampling the 
particles. However this creates another problem, which is the increasing information uncertainty arising in 
the random sampling process  [15]. This resampling can be done in two ways, the first one is known as 
"Sampling Importance Resampling" (SIR), where the resampling is done in each cycle of the algorithm, and 
the other alternative is to perform the resampling each time it is necessary. That is when the effective number 
of particles reaches a minimum threshold number; this is the so-called "Sampling Importance Sampling" 
(SIS). 

3 The SURF Algorithm 

The Speeded-up Robust Features SURF algorithm is a robust detector of characteristic points in images. 
These points are invariant to scale, rotation, translation, and partially to illumination changes. It is based on 
an enhancement of the "Scale Invariant Feature Transform" SIFT algorithm  [16] producing fewer features 
per detected point at a much faster rate. 

The SURF algorithm uses integral images, which accelerates the computation of representations at 
different scales of the original image according to their differential features. Integral images accelerate the 
computation of second order filters by means of Haar wavelets. The application of the Hessian differential 
operator matrix at different scales allows determining key points and their robust descriptor features with a 
good performance in precision and execution time  [17]   [10].  

Given an image 퐼, and a point 푋 = (푥,푦) in this image, the Hessian matrix 퐻( , ) in 푋 = (푥,푦)  to the 
scale 휎 is defined as: 

퐻( , ) =
퐿 , ,( , ) 퐿 , ,( , )
퐿 , ,( , ) 퐿 , ,( , )

, 



4   Edgardo Comas et al.  / Electronic Letters on Computer Vision and Image Analysis 19(1):1-13, 2020 

 

where 퐿 , ,( , ),퐿 , ,( , ), 퐿 , ,( , ) and 퐿 , ,( , ) represent the convolution product of the second derivative 

of the Gaussian  푔( , )  with the Image 퐼 in the point 푋 = (푥,푦)  [16], see equation (5). 

 

퐿 , ,( , ) =
휕
휕푋

∗ 퐺( , , ) ∗ 퐼( , )    

 

퐿 , ,( , ) =
휕
휕푋

∗ 퐺( , , ) ∗ 퐼( , )       (5)  

∧  퐺( , , ) =
1

2휋휎
푒  

  

The determinant of the Hessian matrix allows the calculation of the scale of the point, defined as follows: 

 

 퐻( , ) = 퐷 , 퐷 , − 휔퐷 , , 

 

where퐷 , , 퐷 , , and 퐷 , = 퐷 ,  are the approximations of the partial derivatives, and 휔 is the balance 
factor of the determinant [16], obtained from equation (6) where |. |  is the Frobenius norm  [18], see 
equation (7). 

 

푤 =
퐿 , ,( , ) 퐷 ,

퐿 , ,( , ) 퐷 ,
 (6) 

 

|퐴| = 푎 ,   (7) 

 

Subsequently, the application of the Haar-Wavelet filters in a circular region with a radius of 6σ, provide 
a set of outputs in horizontal and vertical directions, (푑푥 and 푑푦 respectively), and the dominant orientation 
are obtained as the sum of all responses inside a sliding window of    [16]. 

To obtain the feature descriptors for a certain scale and for each characteristic point, a rectangular region 
centered on the point with size of 20σ x 20σ is constructed in the dominant orientation and it is divided into 
four sub-regions of 4x4, and for each sub-region the Haar-Wavelet is applied obtaining the horizontal and 
vertical responses 푑  and 푑  respectively, a characteristic vector  V = ∑푑 ,∑푑 ,∑|푑 | ,∑ 푑  is 
formed. Then for each point a total of 64 SURF descriptors are generated  [16]  [17].   

4 Background subtraction 
To improve target detection, background subtraction was performed. Background image subtraction 

techniques are especially feasible in applications where the camera has a constant focal distance, with no 
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translations or rotations. In this way the background is almost stationary and the target object moves in the 
foreground  [19].  

In our case, the situation is approximately similar since we have a camera in motion together with the 
target object to be tracked. Another substantial difference is that the background image usually remains 
static, but that is not the case in our context. The object to be tracked appears behind a group of trees, and its 
leaves are in motion due to the wind. 

 
Fig. 1. Frame of the original acquired infrared video 

In Fig. 1 we show a frame of the original infrared video, where the UAV to be tracked appears behind a 
group of trees. Considering that the object target can be masked behind the trees to avoid detection, 
background suppression algorithm was used. 

 
Fig. 2. Histogram of the original acquired infrared video 

In Fig. 2 we show the histogram of the image of Fig. 1. In this histogram it can be seen that the image has 
very low dynamic range in intensity. This causes the SURF algorithm to have a poor performance, and very 
few characteristic points are detected, if at all. To enhance the response of the SURF algorithm, a subtraction 
of the average of the image  [20] together with an increase in dynamic range was used  [21]  [22].  

Given that the UAV’s temperature is higher than the temperature of the trees and the sky in the 
background, the subtraction of the average value of the image does not produce any significant loss of 
information. An improvement in dynamic range can be achieved multiplying the result of the previous 
subtraction by a proportional factor to the relationship between the standard deviation of the image (as 
measurement of the contrast [21] ) divided by the maximum value of the luminosity, (see equation 8), where 
퐼  and 퐼 are the input image and processed image, 푁 and 푀 are the number of pixels 푋 and 푌 respectively, 
휎( ) and 푚푎푥  (퐼) the standard deviation and the maximum value of image.  

 

I = I− α I( , )   
,

,

β
휎( )

max (퐼)
      (8), 
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The adaptive factors 훼 and 훽 are obtained experimentally and with values of  훼 = 0.84314  and 훽 = 25  

we can see in Fig. 3 the improvements in the image of Fig. 1. In Fig. 4 we see its histogram of the image of 
Fig. 3, where the contrast and the dynamic range of the luminosity intensity were improved. 

 
Fig. 3. The same frame as in Fig. 1 after background subtraction. 

 
Fig. 4.  Histogram of the image of Fig. 3 

After the background suppression, the SURF algorithm applied to the rectangle area obtained more than 
200 characteristic points, which is adequate considering that the particle filter works well with a maximum of 
50 characteristics points per particle. 

5 Particle filter algorithm 

 Basically our method deploys a series of random particles within the space of states, each with its 
associated weight. These particles are possible states of the process (in this case, the target position), and 
their weights represent their a posteriori probability of the density function as estimated from the 
observations. In the case of its application to the tracking objects in video images, we can describe each of its 
steps in the algorithm of Fig. 5. 

A) Initialization: In this stage all the initial conditions of the filter and the parameters that define its 
behaviour are defined, such as number of particles, number of octaves, metrics and scale levels for the SURF 
algorithm, maximum number of characteristic points to analyse, metrics of the acceptance threshold level for 
considering acceptable a point, and probability threshold level for particle acceptance. 

B) Definition of the object to be followed: through the intervention of the user, the target object to be 
followed or reference object is defined, which is characterized by its position, size and its speed, descripted 
by the following state vector 푥,푦, 푙 , 푙 ,푣 ,푣 , 푣 , 푣 . 



7                          Edgardo Comas et al. / Electronic Letters on Computer Vision and Image Analysis 19(1):1-13, 2020 

C) Obtaining the characteristic points: applying the SURF algorithm, the characteristic points of the 
target object are obtained, see (Fig. 6), where the number of points was defined in the initialization step. 

A) INITIALIZATION

C) OBTAINING THE CHARACTERISTIC POINTS

B) DEFINITION BY 
THE USER OF THE 

REFERENCE 
IMAGE

D) RANDOM GENERATION OF PARTICLES

E) READING THE IMAGE
AND DECREASE EFFECT OF THE 

BACKGROUND IMAGE

F) PROPAGATION AND OBTAINING 
CHARACTERISTIC POINTS

G) CALCULATION OF THE PROBABILITIES

H) OBTAINING THE MOST MEANINGFUL 
PARTICLE

I) RE SAMPLING

END VIDEO?

END

YES

NO

 
Fig. 5. Particle filter algorithm 

D) Random particle generation: The particles of the filter are initialized randomly throughout the 
screen, with their respective probabilities, and their positions are bound within the video frame (see Fig. 7). 

 
Fig. 6. SURF characteristics point 

 
Fig. 7. Initial particles distributions 
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E) Frame acquisition, particle propagation, and new characteristic points: The new frame is 
acquired, and then the characteristic points are computed for each particle following step C). For the particle 
propagation, the following state evolution model is applied, in correspondence with equation (1): 

 

푃 = 퐴푃 + 퐴푣  , (9) 

퐴 = 퐼 Δ푡. 퐼
0 퐼 ,       (10)     

where 퐼  is the 4x4 identity matrix,  0  is the 4x4 null matrix and 훥푡 is the frame sample time. After the 
particle propagation, the bounds check is applied, and the SURF algorithm is applied to each particle, 
obtaining their respective characteristic points. 

G) Particle probabilities estimation: For determining the similarity of a particle with the reference 
particle, a pairing of the characteristic points is performed. In this pairing, the numbers of pairs of points 
whose metric is less than a threshold metric are counted. The relationship between the numbers of pairs of 
points with respect to the total number of characteristic points of the reference particle gives us the similarity 
probability. 

H) Obtaining the most significant particles: To obtain the most significant particles, these are sorted 
according to their probability and the average value of the particles with a probability higher than the 
selected probability threshold, determine the position and size of the object to be followed. 

G) Re-Sampling: To carry out the reassignment of the particles, the most probable particle obtained in the 
previous step is taken as the reference, and the new particle set is distributed according to the dispersion of 
each variable, always limiting them to the size of the screen. The adaptation of the dispersion of the variables 
according to the number of valid particles was implemented as a strategy of re-sampling, in such a way that 
the search zone is extended as the number of valid particles decreases. 

6 Experimental results 
Two experimental tests were carried out. The first one corresponds to track a six rotor "UAV" which was 

followed by a thermal camera (Tau 640 in the band of 8 to 14 microns), mounted on a positioning system. 
The second test corresponds to the same thermal camera mounted on the same vehicle taking a zenithal video 
where the target is marking a heliport. In both cases the object to be followed was not perfectly identified, in 
the first one part of the flight the UAV is behind trees of a grove, and in the second one, the marking of the 
heliport is affected by the infrared emissions of the terrain. 

6.1. UAV tracking. 
In a first experiment, the UAV flies hidden behind the trees to avoid detection, after which it starts a free 

flight. In both circumstances the particle filter is able to detect the UAV, even when it is almost completely 
hidden behind the trees. From the moment of the first detection, the particle filter remains locked throughout 
the remaining flight of the UAV.  

In Fig. 8, part of the frame sequence shows the part of the flight where the UAV is first flying behind the 
trees, while the system begins distributing the particles in the largest possible area of the screen (Fig. 8 (a) 
and (b)).  
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Fig. 8. Particles evolution (a)126.25 s, (b)126.30 s, (c)126.35 s, (d)126.40 s 

In the frames of seconds, 126.35 and 126.40 (Fig 8 (c) and (d)), with the UAV still largely behind the 
trees, the particle filter is still able to detect it and “hook” it as soon as it partially appears. In this figure the 
particles are shown according to the selected probability threshold, in blue those above the threshold and in 
red those below, and in green the particle that the filter estimates as the best position and size of the object.  

When the target leaves the trees, the filter remains locked during the whole flight, especially when the 
occlusion free flight is carried out, and the tracking is always tight (see Figs. 9, (a) to (d)). 

 
Fig. 9. During occlusion-free flight, subfigures (a) 127.30 s, (b) 127.35 s, (c) 129.15 s, and (d) 129.20 s. 

 
In this case the UAV was also followed by a positioning system with the algorithm of detection by 

quantification. Therefore it is possible to establish a comparison between both algorithms (the quantification 
and the particle filter) through out of the absolute errors referred to the true position of the UAV. To do this 
the absolute errors (in pixels) of both algorithms were determined in the time frame between 126 and 129 
seconds, just when the UAV leave the trees of a grove. In the case of the particle filter was running ten times, 
determining the absolute errors for each ones and the average value of the set. 
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Fig. 10. Absolute errors in pixels, of the quantum and particle filter algorithm. 

 
Fig. 10 shows the absolute errors of the 10 runs of the particulate filter and its average value, together 

with the absolute error of the quantization algorithm and the maximus radius in pixels from which the 
“hooked” UAV is considered. As can be seen in this figure, the response of the particle filter is much faster, 
entering in the "hook state" 0.5 seconds earlier and inclusive during the occlusion. After occlusion, (around 
second 126.8) the error stabilizes at a very low bound, and almost all generated particles are above the 
probability threshold. 

6.2. Heliport tracking.  
The second experiment was a flight over a heliport located in a park area, taken from zenithal videos. The 

take is interfered by the infrared radiation from the ground. In Fig. 11, the sequence of execution of the filter, 
selection of the objective (Fig. 11 (a)), initialization of the particles (Fig. 11 (b)), and locking during the 
flight (Fig. 11 (c) and (d)) can be observed. 

Figure 12 shows the evolution of the particle filter, (which cannot be compared to other positioning 
reference). It can be observed that the number of valid particles indicates the fast match with the reference 
image, like in the previous experiment. 

 
Fig. 11. Sequence of evolution, (a) Target, (b) 203.00 s, (c) 203.04 s and (d) 203.08 s. 

7 Discussion and conclusions 
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The parameters used in this particle filter are NP (number of simultaneous particles used by the filter), 
PrTh (probability threshold to determine if a particle is considered similar to the reference), and SurfP 
(number of characteristic points of the SURF algorithm used for the determination of the similarity 
probability of a particle with respect to the reference). Based on these parameters, the following evaluations 
were made to determine the best set of parameters that make the filter have its best response. To compare the 
effect of these parameters on the filter response, we proceeded to analyse its temporal response as the 
number of valid particles, and the relative error between the positioning system and the particle filter. 

 
Fig. 12. Details of position of the particle filter, and particles above probability thereshold. 

Figure 13 shows the behaviour of the filter, as a function of the number of particles for values of 30, 50, 
70 and 90.  In this plot the dotted line corresponds to the relative errors, while the solid line corresponds to 
the number of valid particles. This last parameter is related to the temporal response, and the points in the 
lines represents the time of acquisition of the images, which sample time is 0.050 seconds. As can be seen, 
the number of particles does not affect the temporary response for the first lock. While, increasing the 
number of the filter particles it decreases its relative error, and presents greater stability to maintain the lock. 

 
Fig. 13. Number of valid particles and relative error, for different values of particles. 

Fig. 14 shows the behaviour of the filter, function of the number of characteristic SURF points for values 
of 30, 50, 70 and 90.   

In this case the filter begins to have a good behaviour from a number of characteristic points of the SURF 
algorithm over 50. As this number increases, the detection improves when the target begins to leave behind 
the trees, and also improves the stability in keeping lock the target. 
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Fig. 14. Number of valid particles and relative error, for different values of SURF points. 

The last parameter analysed is the similarity probability threshold that determine is a particle can be 
considered or not to obtain the target position. Fig 15 shows the filter behaviour for values of 86 %, 90 %, 
94 % and 98 %. 

 
Fig. 15. Number of valid particles and relative error, for different values of probability threshold 

The best response of the filter particles is for values equal to or higher than 94% in the similarity 
probability threshold. We can conclude that the minimum values in the initialization parameters that produce 
an acceptable response in the particle filter are: for the number of particles and the number of characteristic 
points of the SURF algorithm 70 or higher, and for the probability of similarity threshold 90% or higher. 
With values higher than these a fast response of the implemented algorithm of the particle filter to the 
locking of the reference object is observed, this responds in the time of two frames samples. As well as in the 
response to the tracking thereof, despite the non-optimal image or if the target is behind the trees when it 
beginning to leave them. 

Another parameter that improved the particle filter response is the dispersion multiplying factor of the 
state variables. This multiplying factor is a function of the number of valid particles, such that, if the number 
of valid particles decrease, the multiplying factor is increased, covering a wider area of search. With this 
search strategy the filter maintains its stability in the response to the lock with the objective, in one frame. 
We can conclude that these preliminary results confirm the feasibility of unmanned night flights based on 
infrared video analysis. 

As future work, some enhancements are proposed to achieve a better detection of the UAV when it is 
almost completely occluded by trees, or also in the case of the heliport targeting when the image is highly 
contaminated with background noise caused by atmospheric conditions. For this, our strategy consists of 
decomposing the reference image in N sub-images, with its corresponding identification. For each sub-
image, the characteristic points are obtained together with their relative position in the original reference 
image. With this, we will have N particles filters each of one looking for a part of the reference image. 

As a result, each particle filter gives us the most probable particle, together with the probability of 
similarity with the part of the object to be followed. After each filter obtains the most probable particle and 
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its probability of similarity, to determine the position of the object to be followed, we can sort in decreasing 
order the solutions of the particle filters according to the probability of similarity obtained. From there and 
starting with the first particle, we look for the particles that are located in the correct sequence. The average 
of these particles will give us the likely position of the target to follow. In case that no particles are found in 
the correct positions we can obtain the most probability position of the object to be followed as the position 
of the particle with the largest probability, or others means of integrating together the information provided 
by the N filters. 
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