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Space-time-based Detection of Infrared Small Moving Target
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With the development of infrared monitoring and early warning system, more and more attention has been paid
to the research of infrared small target detection. How to effectively detect the target in a complex background
has always been a major challenge for researchers. This paper presents a space-time-based detection for small
infrared target, which can improve the performance of infrared small target detection system. Firstly, the targets
are enhanced and the background clutter is suppressed by the morphological filter. Then, the segmentation
images method is proposed to erase the majority noises, which calculates an adaptive thresholds based on
the constant false alarm rate (CFAR). Finally, a dynamic detection is proposed to erase all of the noises in
the multi-frame, which adjust the size and position of the search window based on the kinematic rule of
targets. Experimental results show that this technology can effectively detect the small infrared target with high
performance.
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1. Introduction

Affected by the development of stealth technology, the
method using radar and other electromagnetic equipment
to locate and track targets is gradually unfit the demand
of the contemporary military. Because current weapons
have high thermal radiation, the technologies of infrared
small target detection have been paid attention to in many
fields, such as monitoring systems, early warning systems,
and target tracking systems. To meet the ability of rapid
warning, this system is far away from the target [1, 2]. Due
to the long-distance and atmospheric transmission effect,
the targets are usually tiny and dim, with no texture, which
easily submerged by background and noise [3]. Those
factors make the detection and tracking of small infrared
targets more difficult [4]. Therefore, how to efficiently and
accurately detect moving infrared small targets under low
signal-to-clutter ratio (SNR) has been extensively studied
in the field of Automatic Target Recognition (ATR) in recent
years.

In the past few decades, researchers have proposed a
large number of algorithms for small target detection [5, 6].

Generally, Infrared small targets appear in the Gaussian
form in the image, which is the foundation to distinguish
target and background clutter. The single-frame-based de-
tection algorithms analysis the pixels difference between
target and background clutter [7, 8]. The traditional meth-
ods detect target by background estimation, such as median
filtering, maximum mean filtering and maximum median
filtering [9]. They detect the small infrared target by sub-
tracting the estimated background from the original im-
age. Max-median/Max-mean filters can suppress noise
and background clutter to some extent, but those methods
are more or less time-consuming [10]. Top-Hat transform al-
gorithms based on contour structure morphology enhance
target by background clutter suppression [11]. It is fast
enough, but it can not adapt to different environments.
New Top-hat improves the robustness of the algorithm by
changing the structuring elements to suppress the effect of
noises is a direct way to improve the performance of top-
hat transformation [12]. However, when the SNR is lower,
the false alarm still increases. Zhang et al. proposed a small
target detection algorithm based on difference, clustering
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and Gaussian curvature [13]. By analyzing the difference
between target and noise, the pixel is eliminated as the
non-uniform region through clustering, and then the target
was extracted with Gaussian curvature. Yang et al. [14, 15]
proposed an eight-direction and three-layer window and
fuzzy-theory-based adaptive parameters to enhance the ro-
bustness of the system. The multi-frame-based algorithms
detect small infrared moving targets in a sequence of im-
ages [16, 17]. By analyzing the kinematic rule of targets,
those algorithms erase noise, preferably [18].

To pursue a better performance, this paper proposes a
detection of small infrared moving targets by combining
time and space. Firstly, the targets are enhanced and the
background clutter is suppressed by the morphological
filter. Then, an adaptive thresholds image segmentation
based on the constant false alarm rate (CFAR) [19] is used
to erase the majority noises. Finally, a dynamic detection
based on the kinematic rule of targets is proposed to erase
all of the noises in the multi-frame. The experimental re-
sults and analysis show that the proposed method can
detect small infrared targets with high detection rate, low
false alarm under the interference of strong noise and com-
plex backgrounds.

This paper is organized as follows. Section 2 discusses
the detailed elaboration about the small infrared target
detection method based on combining time and space. Sec-
tion 3 shows the experimental results and analysis. Finally,
Section 4 summarizes the main work of this paper.

The main work and contribution of the thesis as follows:
Firstly, it analyzes the defects of the small infrared target
detection based on morphological filter. Then it proposes
an image segmentation algorithm to erase the majority of
noises, which calculate the adaptive segmentation thresh-
old by CFAR. Secondly, it proposes the dynamic detection
algorithm to erase the target-like noises, which proposes a
new dynamic search strategy with adaptive search window
by analyzing the kinematic rule of targets.

2. Infrared weak point target detection

In the algorithm mentioned in this paper, the preprocessing
of images before multi-frame detection is essential and is
an integral part of ensuring the real-time performance of
the system. The purpose of preprocessing is to remove the
background as much as possible. In this paper, the effect of
pretreatment is evaluated by the SNR (signal to noise ratio).
The model of the point target takes the form:

I(i, j) =

{
T(i, j) + B(i, j) + N(i, j) Existing target

B(i, j) + N(i, j) No target
(1)

where T(i, j) is the pixel of the target. B(i, j) is the pixel
of the background. N(i, j) is the pixel of the zero mean and
variance as σ2 Gaussian distribution noise, which takes the
form:

1
n ∑

(i,j)
N(i, j)2 =

1
n ∑

(i,j)

(
p(i,j) − µ

)2
= σ2 (2)

where the p(i, j) is the pixel in image, µ is the mean of
image pixels The SNR Theorem states that the image SNR
is the ratio of power spectrum of the noise and signal. It be
converted to dB as follow:

SNR1 = log10
(T − B)2

σ2 (3)

where T is the power of target, B is the estimated of
background’s power, and it is estimated by the average
of every pixel in the image. σ2 is the estimated of noise’s
power, and it is estimated from the pixel-based histogram
analysis.

To calculate the SNR of the image after preprocessing,
the pixel of the background has been suppressed, this
means, it doesn’t consider B(i, j) within the target model.
Therefore, the SNR of the image after preprocessing takes
the form:

SNR2 = log10
T2

σ2 (4)

In the aspect of the pretreatment, this paper contains two
procedure: morphology filter-based target enhancement
and CFAR-based automatic image threshold.

2.1. Morphological filtering

Given the dot appearance target in the infrared image, we
suppresses the clutter and background to enhance the tar-
get by preprocess by the morphological filtering. It takes
the form: 

δexpansion = fing �D
δcorrosion = fing � ∈ E

fimg ′ = δexpansion − δcorrosion

(5)

Here, we have define fimg, represents the original im-
age. The δexpansion and δcorrosion are the images after expan-
sion and corrosion with original image using the kernel
D and E. They have achieved effects of clutter suppres-
sion and target enhancement, respectively. And fimg′ rep-
resents the image after target-enhanced and background
and clutter-suppressed, which can be calculated by sub-
tracting δexpamion from δcorrosion. The size of D and E is
5. Fig. 1 shows the images of δexpansion, δcorrosion and fimg.
Specifically, Fig.1 (a) show the original image. Fig.1 (b)
is the dilation image from original image, which target is
enhanced, obviously. Fig.1 (c) is the erosion image from
original image, which clutter is suppressed, obviously. And
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(a) (b)

(c) (d)

Fig. 1. Example of target enhancement by morphological
filtering of a base sample. (a) Original image. (b)

δexpansion · (c) δcorrosion · (d) fing’.

Fig.1 (d) is the top-hat image from original image, which
background is suppressed, obviously.

In order to verify the algorithm’s feasibility of the dim
target enhancement in infrared image, we calculate the
SNR of both original image and fing’ , by passing through
the above Eq. 3, respectively.

Fig. 2 shows the grey statistics histogram of original
image and fing’. Furthermore, through Gaussian fitting, the
average grey value u and σ2 is calculated. Gaussian takes
the form:

G(x) =
1√
2πσ

exp
(
− (x− u)2

2σ2

)
(6)

Then, according to the fitting curve by MATLAB, the
coefficient of Gaussian is calculated. Therefore, u1 and σ2

1
of the original image are 131.1 and 30.29 , respectively. u2

and σ2
2 of the fing , are 24.92 and 10.32, respectively.

The SNR of both original image and fing can be calcu-
lated as:

SNRorginal − inngge = log10
(T−u1)

2

σ2
1

=

log10
(250−131.1)2

30.292 = 1.187
(7)

SNRfret = log10
(T−u2)

2

σ2
2

= log10
(250−24.92)2

10.322 = 2.68
(8)

Figure 1, Eq. 7 and Eq. 8 shows that morphology fil-
ter is able to enhance the dim small target in the complex
background and image SNR efficiently. Furthermore, we
calculate the SNR of 200 images of the original image and

(a)

(b)

Fig. 2. Gray histogram and Gaussian fitting both of image
pixels. (a) From the o1riginal image. (b) From the fing′ .

fing′ , respectively. It can be seen that the SNR of the pre-
processed image is always higher than that of the original
image.

Fig. 3. The SNR of 200 images of the original image and
fing′ , respectively.

2.2. Image segmentation based on CFAR

Though the series of morphological operation in the orig-
inal image, background and clutter can be suppressed to
some extent. But there is still background noise (see Figure
1d). We need an adaptive threshold to segment the image
so that there are only target pixels as possible in the image.
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Here the threshold T must the following requirements:

f (x, y) =

{
0 fimg′ < T

fimg′ fimg′ ≥ T
(9)

The constant false alarm rate (CFAR) processing of radar
signal is an important item of modern radar signal process-
ing. CFAR detection refers to a common form of adaptive
algorithm used in radar systems to detect target returns
against a background of noise, clutter and interference. The
role of the CFAR circuitry is to determine the power thresh-
old above which any return can be considered to probably
originate from a target. If this threshold is too low, then
more targets will be detected at the expense of increased
numbers of false alarms. Conversely, if the threshold is too
high, then fewer targets will be detected, but the number of
false alarms will also be low. The threshold provides a spec-
ified probability of false alarm, governed by the probability
density function of the noise, which is usually assumed to
be Gaussian. The probability of detection is then a function
of the signal-to-noise ratio of the target return.

The processing environment of infrared point target is
similar to that of radar signal, we use CFAR to calculate the
T. The CFAR algorithm takes three parameters: false alarm
probability Pf , probability density function of the noise and
probability density function parameter. We introduce the
histogram approximation method to determine and verify
the model of probability density function of the noise. The
noise in fing′ is subject to Gaussian distribution, which is
provided in Figure 2(b).

Figure 4 shows that CFAR work to calculate the thresh-
old T. f (x) is the probability density function of the noise,
s(x) is the probability density function of the target. The
hatched section Pf shows the false alarm probability, which
takes form:

Fig. 4. CFAR work to calculate the threshold T.

Pf =
∫ +∞

T
f (x)dx =

∫ +∞

T

1√
2πσ2

e−
(x−µ)2

2σ2 dx (10)

On account of the primitive of Gaussian distribution
can’t be expressed exactly, we depict approximately the

primitive through the Gauss error function exf(x). The Eq.
10 can rewrite as:

Pf ≈ 1
2

√
− x−µ

π erf i(
√
− (x−µ)2

2σ2 )

≈ 1
2

√
− x−µ

π
2√
π

e−
(x−µ)2

2σ2 D(
√
− (x−µ)2

2σ2 )
(11)

where, the D(z) is the Dawson function(which can be
used instead of exff(z) to avoid arithmetic overflow), which
takes form:

D(x) = e−x2
∫ x

0
et2

dt (12)

We calculate approximately the threshold T by fixing Pf

of Eq. 11 , which takes the form:

T = µ + E×
(

1− P2
f

)
× σ (13)

where σ and µ are the mean and standard deviation

of f (x) and E is approximated as π2µ2

σ2 .Pf is related to the
number of targets in infrared image, which takes form:

Pf =
target − number

all number
≤ 10−4 (14)

To improve the performance of CFAR algorithm, Pf is
set as less than 10−4. In fact, the all number is known as
the image size. That means that the target. number should
be confined to a certain extent. In this paper, all. number is
76800(240× 320) in one example, and the target. number
is less than 7. Here, target number is assumed as 5, then
Pf = 6.5× 10−5

Figure 5 shows the result of CFAR image segmentation,
there are four points in the image, among which there
is only one target, the rest are the noise similar to target.
Figure 6 shows the process flowchart of the preprocessing

2.3. Motion based Target detection

This preprocessing suppress effectively the background
and clutter, but the pre-processed image still has false
alarm, when there are some noise that is similar to target(as
show in Figure 5). At low SNR, it is hard thing to accu-
rately detect the target just in one infrared image. However,
the target has kinematic rule in a short time in the video,
its kinematic rule is assumed with uniform straight line
motion, and the pixels of target is sequential similarity in
adjacent frame. This paper proposes the dynamic methods,
which employ the kinematic rule and sequential similarity
of real target to erase ghosts. Here, the target’s motion
model takes form:

F(x, y, t) = axt + yt

g(x, y, t) ≈ g (x′, y′, t + 1)
(15)

where (x, y, t) represent the target position in the image
at time t.a represent the target moving direction, that is
calculate by adjacent frame. g(x, y, t) represent pixel at



Journal of Applied Science and Engineering, Vol. 23, No 3, Page 497-507 501

(a)

(b)

Fig. 5. The result of CFAR image segmentation. (a) The
image from the segmentation. (b) The 3D mesh of (a).

(x, y) at time t. Dynamic methods based infrared target
detection mainly divides into the following several steps:

A) Calculate the target moving direction by adjacent
frame.

B) Select the search, though motion model, to find the
most correlative results in the next frame. Erase ghosts
when the correlation that does not exist between two adja-
cent frame in the video.

C) Update the target moving direction and the experi-
ence standard deviation.

2.3.1. Motion model

Figure 7 shows the process that calculate target moving
direction between the first frame and the second frame,
both of them are preprocessed by CFAR. In the second
frame, the targets are searched on the 2 -adjacent areas
of the positions (the black of Figure 7 ) that correspond
to the targets which are detected in the first frame. The
target moving directions a (the blue line of Figure 7 ) are
calculate when there are suspicious targets that is similar
to the target in the first frame (the grey of Figure 7) on the

search area. Here, the a can be formulated as follows:

a =
yt − yt−1
xt − xt−1

(16)

where x and y is the position of the pixel in image.
The search area is selected (the red boxes of Figure 8

) in the third through the target moving direction that is
determined before. If there are suspicious targets in the
search area and which is correlative with targets of adjacent
frame, it is reserved as targets (the 4th red box of Figure
8 ). If there are suspicious targets in the search area but
which is not correlative with targets of adjacent frame, the
suspicious target and this target moving direction is erased
as noise (the 3th red box of Figure 8). If there are not
suspicious targets in the search area, this target moving
direction is erased as noise (the 1th and the 2th red box of
Figure 8 ). Figure 8 shows the dynamic detection method
filter out the noise effectively (the 1th , the 2th and the 3th

gray block of Figure 8, and the 1th and the 2th blue block
of Figure 8 ). Meanwhile, the dynamic detection method
accumulates the energy in the multi-frame images along
the target trajectories, the target moving direction and the
correlation template are more accurate with time going on,
then chooses a target trajectory whose accumulation value
is biggest from all possible trajectories.

The correlation discriminant is takes form:

target piral ∈
{

µp − αp, µp + αp
}

(17)

where µp and αp are mean and standard deviation of
targets in 5 -adjacent frames. target prat represent the pixel
of suspicious targets in current frame.

In order to improve the algorithms’ performances in
long-term working, the targets moving direction a need to
be updated during deviation. Equation 15 can be rewritten
as follows:

a =
1
n

(
yt−n − yt−n+1
xt−n − xt−n+1

+ · · ·+ yt−1 − yt
xt−1 − xt

)
(18)

where, n is related to the target’s movement speed. Af-
ter direction is determined, the default size of search area
is triple of target (the red dotted box of the Figure 9). Mean-
while, here n is set to 6 by default. The size of search area
doubled adaptively, when there is no suspicious targets in
current search area (the red box of the Figure 9 ). Mean-
while, here n doubled adaptively.

The performance of dynamic detection method is re-
lated to the number of frames. As shown in Figure 10, the
only one target is detected in the video using 3-adjacent
frames and 4-adjacent frames, respectively. When using
3-adjacent frames, there are still false alarm in some frames.
When using 4-adjacent frames, there are only still target in
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Fig. 6. The process flowchart of the preprocessing.

Fig. 7. The process that calculate target moving direction.

Fig. 8. Dynamic detection method.

Fig. 9. The adaptive size of search area.

frames. Therefore, the performance of dynamic detection
method is improved as we augment the number of adjacent
frames.

Fig. 10. The dynamic detection’ result by using different
number of adjacent frames.

Figure 11 shows the target trajectory in 200-frame im-
ages (there is only one moving target in the image of Figure
1(a)), which is detected by using 4-adjacent frames. Figure
12 shows the process flowchart of the dynamic detected.

Fig. 11. The target trajectory in 200-frame images*
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Fig. 12. The process flowchart of the dynamic detected.

Table 1. The details of images.

Example 3D mesh Frames Size Describe

Seq.1 200 320×240 The multi-frame images have only one
target with dot clouds, which are added 0 mean

and 0.001 variance Gaussian noise on original images.

Seq.2 200 320×240 These are added 0 mean and
0.005 variance Gaussian noise on original images.

Seq.3 30 256×200 The multi-frame images have
only one target with heavy clouds.

Seq.4 200 250×250 The multi-frame images have only one target
with dim background and heavy clouds.

3. Experimental

The performance of the proposed method is evaluated by
various experiments. In all experiments, multi-frame in-
frared images image, including the original image and
the additive noise, are used under various complex back-
ground. Table 1 shows the details of multi-frame images.
These images are captured under different conditions. In
Seq.1, there is only one target in the punctiform clouds
and clutters. There are 200 frames in this sequence, and
the resolution is 320×240 pixels in each frame, which are
added 0 mean and 0.001 variance Gaussian noise on orig-
inal images. The Seq.2 is the images adding 0 mean and
0.005 variance Gaussian noise to original images. In Seq.3,
there is one target in heavy clouds. There are 30 frames in
this sequence, and the resolution is 256×200 pixels in each
frame. The Seq. 4 is the images with dim background and
heavy clouds. There are 30 frames in this sequence and
there is only one target. The resolution is 250×250 pixels in
each frame. Because of the long-distance imaging, the IR

small target usually appears as a dim spot masked in the
heavy clouds.

3.1. Performance analysis of CFAR in single image

In order to verify algorithm performance, we pre-process
the single image that is added 0 mean and 0.001 variance
Gaussian noise in original image through CFAR in differ-
ent environment. The pretreatment experience result and
3D mesh views of six different environment single image
as shown in Figure 13. Specifically. Figure 13(a) shows
the original images of six different images which include
sea environment, sea-airs environment and heavy clouds
environment and Figure 13(b) is the 3D mush views of
the original images. The six different environment images
after morphological filter and their 3D mush views are
given in Figure 13(c)-(d), which clearly revealed the mor-
phological filter’s performance of target enhancement and
background suppression in different environment. The six
different environment images after CFAR image segmenta-
tion and their 3D mush views are given in Figure 13(e)-(f),
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(a) (b) (c) (d) (e) (f)

Fig. 13. Original images and pretreatment experimental results of single image in different environment. (a) Original
images. (b)The 3D mesh view of original images. (c) The images after morphology filter. (d) The 3D mesh view of images
after morphology filter. (e) The images after CFAR segmentation. (f) The 3D mesh view of images after CFAR segmentation.

which clearly revealed the performance of CFAR to erase
the background and noise in different environment. Mean-
while, there is only target in the segmented image, when
the SNR of the original image is higher (the fifth and the
sixth original image of Figure 13). When the SNR of the
original image is lower, there are still noises in the image.
To a large extent, we can distinguish the target from the
background by using the adaptive threshold segmentation

3.2. Analysis of dynamic method in multi-frame

There are noises in the segmented image, when the SNR
of original image is lower (the first to the fourth original
images of Figure 13). It means that these noises have similar
appearance (gray and dot) to targets. So, the he methods
of morphological filter based on shape and CFAR image
segmentation based on gray cannot erase these noise.

Figure 14 shows the result of Sequence 1(Figure 14(a)),

Sequence 2 (Figure 14(b)), Sequence 3(Figure 14(c)) and
Sequence 4 (Figure 14(d)) of Table 1 that is processed further
by dynamic method after pre-treatment. Figure 14 shows
that, in some cases, there are still a few noises when the
3-adjacent frames or 4-adjacent frames are used as a unit in
dynamic method in Sequence 1 or when 4-adjacent frames,
5-adjacent frames or 6-adjacent frames are used as a unit
in dynamic method in Sequence 2. And in some cases,
there are still a few noises when the 1-adjacent frames or
2-adjacent frames are used as a unit in dynamic method in
Sequence 3 or in Sequence4. This usually means the target
is submerged by noise. Figure 15 shows, on account of
images have poor signal to noise ratio (SNR), there only is
target when the 5-adjacent frames or 7-adjacent frames are
used as a unit in Sequence1 and in Sequence2. And there
only is target when the 3-adjacent frames are used as a unit
in Sequence 3 and in Sequence 4, on account of images
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(a)

(b)

(c)

(d)

Fig. 14. The result of Sequence 1, Sequence 2, Sequence 3
and Sequence 4 though dynamic method. (a) Sequence 1.

(b) Sequence 2. (c) Sequence 3. (d) Sequence 4.

have high signal to noise ratio (SNR). Figure16 shows the
target trajectories of sequence 2. The target trajectories is
accurate when the 7-adjacent frames are used as a unit in
dynamic method.

(a) (b)

(c) (d)

Fig. 15. The target is submerged by noise. (a) The 17th

frame of Sequence 2. (b) The 40th frame of Sequence 2.

(a) (b)

Fig. 16. The target trajectories of sequence 2, which use
6-adjacent frames and 7-adjacent frames as a unit in the
dynamic method. (a) 6-adjacent frames. (b) 7-adjacent

frames
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3.3. Comparison with other methods

Conventional methods such as Top-Hat, multi-scale local
homogeneity measure (MLHM) and Multi-scale Relative
Local Contrast Measure (MRLCM) are also performed as
comparisons. When the SNR of the Sequence 3’s images
changes, the ROC curves are plotted in Figure 17. The false
alarm is defined in

Falsealarm =
number of false pixels detected

number of total pix els in im age
(19)

The detection ratio is defined in

detectionratio =
number of ture pix els detected

number of total true pix els in image
(20)

As Figure 17 shows, the Top-hat [12] and the MLHM
[10] detect the target by structure elements that analysis
the relationship between target pixels and adjacent pixels,
their result is poorer when there are most noises which is
similar to target in the images. MRLGMI [20] shows good
detection performance but false alarms still exist. The im-
age is segmented by CFAR after Top-hat morphological
filter. The false alarm is reduced significantly and the real
targets are maintained. Then, the false alarm is reduced
by dynamic method further. Our method thus achieves
the best detection results. This comparison indicates that
dynamic method based on target moving model could bet-
ter erase the noise which contributes to better detection
performance than ordinary methods.

Fig. 17. The ROC curves of four method on the images of
the Sequence 1, Sequence 2, Sequence 3 and Sequence 4
with different variance Gaussian noise.

4. Conclusion

In this paper, an infrared small target detection algorithm
based on space-time is presented, which improves the accu-
racy of single-frame-based detection and the efficiency of
multi-frame–based detection. The main idea of this method
is to enhance the small targets and to suppress background
clutter and noise by CFAR and dynamic method. The pro-
posed method mainly utilizes morphological filter and im-
age segmentation erase the background and the majority
noises. Further, the suspicious targets are erased by dy-
namic method which utilize the rule of movement of real
target. Furthermore, an adaptive threshold which is calcu-
lated by CFAR is adopted to implement targets segmenta-
tion. Meanwhile, the infrared image with different SNR in
complex background is taken as experimental data. The
effectiveness and stability of this method are demonstrated
through this infrared images. Finally, experimental results
and analysis show the effectiveness and performance of
the proposed method.
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