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This paper provides a novel method to recognize aircraft in Inverse Synthetic Ap-

erture Radar (ISAR) images. The method utilizes the conspicuous scatterers located in a 
two-dimensional ISAR image as the feature points of aircraft to generate geometric in-
variants and recognize the aircraft. When the ISAR imagery is influenced by noise or 
target rotation, the proposed method provides an effective recognition. To alleviate the 
computational complexity, the ordered geometric invariants and the primary key are em-
ployed. Moreover, dynamic thresholds are applied to increase the accuracy of feature 
comparisons. The experimental results show that the proposed method is robust and ef-
fective to identify aircraft in ISAR images.  
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1. INTRODUCTION 

Inverse Synthetic Aperture Radar (ISAR) is a version of SAR that can be used op-
erationally to image targets such as ships, aircraft, and space objects. In ISAR, the radar 
is stationary (or moving) while the target to be imaged is moving in a noncooperative 
way. Fig. 1 illustrates the ISAR geometry. ISAR imagery is generated from reflectively 
data collected as the target rotates while remaining in the radar beam. The direction of 
radar line-of-sight (LOS) is referred as to range, and the direction orthogonal to range is 
referred to as cross-range [1]. Since the two-dimensional (2D) radar image can be pro-
vided in all-weather, day and night, ISAR is suitable for some applications where utiliz-
ing optical equipment are disadvantageous at traffic control and surveillance systems. 
For example, ISAR images are applied to the near-range radar network (NRN) for traffic 
guidance and control on airport surfaces [2] and the automatic aircraft landing (AAL) 
system [3]. Target classification or recognition is an important work in these systems, 
which can aid operators to execute accurate decision and process in the system. Although  
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Fig. 1. ISAR geometry. The radar is stationary and the target rotates through an angle Φ in a range R. 

radar systems provide all-weather representations of the detected objects with good reso-
lution, clutter and noise can degrade the overall performance of the automatic target rec-
ognition (ATR) system significantly. Therefore, some approaches exploit the scattering 
characteristics in ISAR images to classify ships or aircraft. Musman and Keer [4] utilize 
the 2D ISAR images to classification ships, but the method need store the wire-frame 
models of ships for comparison. Botha et al. [5] use a feedforward neural net as classifier 
to identify non- cooperative aircraft in 2D ISAR images. Hudson and D. Psaltis [6] per-
form target recognition based on the one-dimensional (1D) range profile. However, the 
amplitude of the received backscatter from a scattering point could have a dramatic 
change as the aspect angle is altered. 

In this paper, the proposed method for recognizing aircraft applies primarily to those 
aircraft detected at far range from the ISAR, and ISAR imagery of aircraft is limited to 
have dimensions that are small compared with both aircraft range to the radar and cross- 
range extent of the radar antenna beam. Therefore, the feature points extracted from 
ISAR images are regarded as coplanar features that are projected on a 2D image. In an 
ISAR image, conspicuous scatterers are mainly produced by specular and diffractive 
scattering mechanism [7], and these scatterers are regarded as the object’s projection on 
the LOS of the radar. Fig. 2 shows a sketch map of scatterers of an aircraft in an ISAR 
image. Since the distinguishable scatterers in an ISAR image typically appear at constant 
locations [8, 9], the proposed recognition method employs these scatterers and the geo-
metric relationships among them to generate a set geometric invariants and to recognize 
an aircraft in ISAR images. When the conspicuous scatterers are extracted from an ISAR 
image, three-dimensional (3D) aircraft recognition is translated into a matching features 
problem in an image plane consequently. As viewing at a known angle, projective fea-
tures in an image plane were used according to a 2D-2D points matching method to 
match two sets of points [10, 11]. These 2D-2D point matching methods use a speedy 
searching algorithm, which takes advantage of the relative distance between each pair of 
points, to examine all possible matching and determine an optimal solution. However,  

 
Fig. 2. A sketch map of scatterers in an ISAR image. 
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the object scale influences the calculated distances among points in an image, causing the 
matching errors. 

To design an efficient aircraft recognition method, we must obtain robust features 
that are insensitive to the radar-target orientation and noise contamination, while keeping 
sufficient class separability between targets. Moreover, the dimension of the extracted 
feature vectors should be small in order to reduce the computational burden in the classi-
fier stage. Thus, the extracted feature points (scatterers) are used to form a set of geomet-
ric invariants – cross-ratios [12-14] that act as the model bases for recognizing aircraft in 
a ISAR image. Cross-ratios are not influenced by the translation, rotation, scaling trans-
formations and the viewpoint altered. However, the calculated cross-ratios for the ex-
tracted scatterers are real-value numbers, and the range of cross-ratios is a non-uniform 
distribution. Though the recognition can use these real numbers to match features, defin-
ing a fixed and reasonable threshold to restrict matching errors is difficult. Consequently, 
an approach that transfers real cross-ratios to integral cross-ratios is proposed and de-
scribed in section 3. The approach generates a set of integral cross-ratios with uniform 
distribution to represent aircraft. Using the integral cross-ratios enhances the tolerance of 
the calculated error and increases the convenience of matching features. Furthermore, the 
aircraft model formed by the integral cross-ratios is only a string of integral numbers, so 
the complexity of searching the database and comparing model data decreases dramati-
cally. 

This paper is arranged as follows. Section 2 elucidates the method of extracting and 
ordering scatterers, the theory of cross-ratios and the descriptions of aircraft models. The 
procedure for establishing the model database and the algorithm of matching features are 
described in section 3. Section 4 addresses the stability analysis of cross-ratios. Section 5 
presents experiments and results obtained using simulated scatterers. The final section 
offers a conclusion.  

2. AIRCRAFT REPRESENTATION IN ISAR IMAGES 

2.1 Feature Points Extraction 

Since the scatterers present in an ISAR image are reflectivity magnitude associated 
with the illuminated target, we get the conspicuous feature points through adequate seg-
mentation in an ISAR image. According to the reflectivity magnitude in the ISAR image, 
a threshold can be determined for image segmentation. Several regions whose reflectivity 
magnitude is larger than the threshold are extracted from the segment results. Then, the 
centroid of each segmented region is defined as the scatterer location in the ISAR image. 
Nevertheless, the segment results will be influenced by the threshold and the scale of the 
projective ISAR image. Hence, a dynamic threshold is employed to produce a finite set 
of scatterer regions (k) after the segment processing. The threshold value is determined 
according to the decided number of the extracted regions in the segmentation. Assuming 
the maximum and minimum magnitudes in an ISAR image are Mmax and Mmin, respec-
tively. The threshold (T) is set equal to Mmax/2 firstly, and the ISAR image is segmented 
using the threshold. The segment processing runs in the following steps to extract a finite 
set of scatterer regions (k). 
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(a) Th = Mmax, Tl = Mmin; 
(b) Segment the ISAR image by the threshold T and obtain k′ scatterer regions; 
(c) If the number of extracted regions (k′) is equal to k, the segmentation is completed. 

Otherwise, the threshold is adjusted using the following method. 
If k′ > k, set Tl = T, and T = T + (Th − T )/2; go to step (b). 
If k′ < k, set Th = T, and T = T + (T − Tl )/2; go to step (b).  
 
The positions and strengths of object scatterers can be determined from the reflected 

pulse signals since the object imagery is formed by reflected radar pulses in a radar im-
age. Therefore, the point-scatterer model approximately describes the scattering distribu-
tion of the real ISAR image [15-17], and it is applied here to simulate the scattering dis-
tribution. Since the location of the nose scatterer (labeled A in Fig. 2) can be determined 
from the motion between the radar and the moving object, the locations of other scatter-
ers can be determined by employing an ordering procedure. The ordering procedure is 
described as follows. (Supposing k points of scatterers after the segment processing, and 
the positions of scatterers are (xi, yi), i = 1, 2, …, k) 

 
(a)  Calculate the centroid of all scatterer locations in the image plane,  

1

1( , ) ( , )
k

c c i i
i

x y x y
k =

= ∑ . 

(b)  Calculate the length of the connection from the centroid to each scatterer and the 
angle (θci) between the line formed by the centroid and the nose scatterer and the line 
of connection, where θci ∈ [0°, 360°), i = 1, 2, …, k. 

(c)  Sort the angles, θci, counterclockwise to generate the order of the scatterers. If two or 
more scatterers have the same angle, then connect the scatterer of the longer length 
in advance of the shorter length. 

 
Next, the order scatterers are used to calculate a set of integral cross-ratios, which 

form a cross-ratio vector to represent an aircraft in an ISAR image. 
 

2.2 Cross-ratio Definition 
 
A target object in a 3D space scanned by radar pulses forms a projection in a 2D 

image, and the extracted features are regarded as the vertices of the polygonal object, 
abcde, as shown in Fig. 3. The lines that connect vertex a to the other four vertices, b, c, 
d, e, intersect line L at four points, p1, p2, p3, p4, respectively. The cross-ratio formed by 
four points, p1, p2, p3, p4, on the line L is defined as  

1 3 2 4
1 2 3 4

2 3 1 4

( , , , ) .L

p p p p
CR p p p p

p p p p

⋅
=

⋅
                                  (1) 

Taking the vertex a of the polygonal object as a focal point, the angular definition of the 
cross-ratio is 
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Fig. 3. The geometric relationship of scatterers to form a polygonal and calculate cross-ratios. 
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and the following relationship is obtained and proven in [12], 

CRL(p1, p2, p3, p4) = CRa(θ1, θ2, θ3).          (3) 

Since the cross-ratio has the invariant property in projective geometry, its value is in-
variant under translation, rotation, and scaling transformations or various viewpoints. 
Therefore, cross-ratios are employed as features and formed a feature vector – a cross- 
ratio vector, acting as a model for recognizing the object in ISAR images. 

 
2.3 Aircraft Descriptions 

 
The geometric relationships of scatterers are utilized to calculate a set of cross-ratios 

to represent an aircraft in an ISAR image and conquer the translation, rotation, and scale 
of the aircraft or the influences of noise. Moreover, the computing method of the cross- 
ratios of aircraft uses pre-defined geometric relationships among scatterers since the out-
lines of aircraft are almost similar to each and belonged to a symmetrical structure. Two 
types of cross-ratios are employed to describe an aircraft, and the calculated methods are 
described as follows. 

 
(a)  Outline Description (OD): The most salient scatterers of the aircraft’s shape, that 

include the locations of nose, wing and tail tip (scatterers A, C, E, F, G), are used to 
form a convex polygon shown in Fig. 4. These five scatterers are applied to calculate 
a set of cross-ratios, called the outline description cross-ratios. Since the aircraft is a 
symmetrical structure, the cross-ratios calculated using the scatterers A, C, E, F, G 
are similar to the cross-ratios calculated using the scatterers A, K, I, H, G. The sec-
ond set cross-ratios can be used to replace the first set cross-ratios in matching proc-
ess while the matching is unknown in the database. Hence, five cross-ratios are 
adopted and the formulas of these cross-ratios according to Eq. (2) are  

11 '),,,,(
)sin()sin(
)sin()sin(),,,,( ODGHIKACR
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Fig. 4. The geometrical relationship of the outline description cross-ratios. The (green) polygon 

illustrates the geometrical relationships of OD, and the (yellow) dot-line polygon shows the 
geometrical relationships of OD′. 
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(b)  Wing Description (WD): The scatterers produced at the locations of wing and tail tips 
and cockpit bulkhead (scatterers C, D, E, F, H, I, J, K), as shown in Fig. 5, are used to 
compute three cross-ratios, called the wing description cross-ratios. These cross-   
ratios are calculated by the following formulas. The WD cross-ratios can be replaced 
by WD′ cross-ratios in the matching process to increase the recognition rate. 

       
(WD1)              (WD2)             (WD3)             (WD4) 

Fig. 5. The geometrical relationship of the wing description cross-ratios. The (green) lines illustrate 
the geometrical relationships of WD, and the (yellow) dot lines show the geometrical rela-
tionships of WD’. 
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3. DATABASE CONSTRUCTION AND DATA MATCHING 

3.1 Construct a Cross-ratio Database 
 
The cross-ratios calculated to represent scatterers are real-value numbers (∈ R) and 

influenced by noise; they are therefore hard to use as a searching index in the database. 
Therefore, the real cross-ratios are converted to the integral cross-ratios (∈ N) by a statis-
tical method and formed a conversion table. This approach increases the error tolerance 
and facilitates in matching the integral cross-ratios. The conversion method describes as 
follows.  

Table 1. The aircraft model descriptions in the database. 

Model Descriptions Aircraft 
OD1 OD2 OD3 OD4 OD5 WD1 WD2 WD3 WD4 

F-14 75 78 18 94 22 31 34 38 38 
F-15E 45 51 16 83 28 38 33 40 11 
F-16C 67 71 16 93 21 18 51 14 71 
F-18C 62 68 29 88 22 10 67 14 67 
A-10 32 35 7 87 18 32 29 34 47 
MIG-29 89 91 24 97 23 31 36 37 16 
C-141 17 19 5 80 23 22 47 23 45 
SOKOG-4 63 66 13 93 18 26 35 33 39 
B-1B 75 77 16 95 19 19 46 25 39 
H-6 48 52 10 90 17 32 28 38 13 
B-747SP 10 11 2 86 15 35 23 37 31 
MIG-19 27 28 4 90 12 31 22 34 30 
MIG-21 66 70 17 92 23 25 42 30 21 
A-6 29 34 10 80 26 30 41 33 29 
A-7 75 76 9 97 12 26 26 32 31 
SAAB-2000 28 30 6 86 18 40 23 38 43 

 
First, the method uses Eq. (2) to calculate all cross-ratios in the constrained ranges, 

0 ≤ θ1, θ2, θ3 ≤ π and 0 ≤ θ1 + θ2 + θ3 ≤ π, increasing each included angle by a small in-
crement Δθi, i = 1, 2, 3, and analyzing the numerical distribution of the calculated results. 
Next, all calculated cross-ratios are divided into M parts, and the probability that a cross- 
ratio occurs in the Mth portion is considered the same for all cross-ratios. Finally, the 
range of integral cross-ratios is set to 1-M, and the real cross-ratios are converted to inte-
gral cross-ratios according to the conversion table. The cross-ratios described in below 
are integral cross-ratios. According to the definitions of cross-ratios described in section 
2, each aircraft model is represented by a vector of nine cross-ratios. These cross- ratio 
vectors are collected to form a database for aircraft recognition, and the database is 
shown in Table 1. The format includes five outline description cross-ratios and four wing 
description cross-ratios. 
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3.2 Cross-Ratios Matching 
 
Each aircraft model has eight cross-ratios in the database, and the cross-ratios 

matching can compare the cross-ratios of the tested model with that of each model in the 
database intuitively. However, this method consumes the comparison time dramatically 
when the number of aircraft models increases greatly. Therefore, the matching method 
needs to exclude those impossible aircraft model first to decrease the comparing cost. A 
primary key, having the fine discriminability and stability among the cross-ratio descrip-
tions of aircraft models, is applied to decrease the searching time of the database. A cri-
terion is utilized to select the primary key from the cross-ratio descriptions and deduced 
in section 4. Moreover, if the value of a cross-ratio description distributes over a large 
range, the cross-ratio description provides a fine discriminability. Hence, the standard 
deviation of the cross-ratio descriptions is used as a threshold in the database searching. 
As the value of the primary key of the tested model compares with that of the model in 
the database below the threshold, the model data is used to compare with the descriptions 
of the tested aircraft. Furthermore, some cross-ratios of aircraft descriptions may produce 
approximate cross-ratios when aircraft models increase, and the similar cross-ratios will 
easily cause the matching error. If the noise margin of each cross-ratio description is not 
large enough, the recognizing method is difficult to identify an aircraft in the large data-
base. Similarly, if the matching threshold of each cross-ratio description is set to a fixed 
value, the recognizing results may produce multiple models coinciding with the tested 
model. Thus, various thresholds of each cross-ratio description are employed to solve 
these problems, and these thresholds are generated by the standard deviation of each 
cross-ratio description in the database. 

Suppose that the number of the cross-ratios of i-th aircraft model is m, and the 
m-dimensional vector, Pi, is represented as (Di1, Di2, …, Dim) and its similar feature cal-
culated using the symmetrical structure of the aircraft is represented as (D′i1, D′i2, …, 
D′im). The built database has n aircraft models for recognition. According to the order of 
the cross-ratio vector, the comparison of the j-th cross-ratio between the tested aircraft 
and the database model is defined as  

1 2
, 1( , , ..., ) ,n

ij ij ij ij i jT C C C T −= •  j = 1, 2, …, m;                          (13) 

where k
ijC  represents the matching result of the j-th cross-ratio between the tested air-

craft Pi and the k-th model in the database and is defined as 

1, | |  or | ' | 
,

0, otherwise
ij kj j ij kj jk

ij

D D D D
C

λ λ− ≤ − ≤⎧
= ⎨
⎩

 k = 1, 2, …, n.           (14) 

λj represents the threshold of the j-th cross-ratio description and deduces from the stan-
dard deviation of the cross-ratio descriptions in the database to form a threshold vector, λ. 
In addition, Tij is the matching result between the tested model and the database models, 
and its initial state is set as Ti0 = (1, 1, …, 1). The operator “•” in Eq. (13) represents a 
logical AND operation. Finally, three types of the matching results are given when the 
comparisons of cross-ratios are accomplished, and described as follows.  
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(a)  Correct: Only one component, ,k
ijC  among the matching result, Tij, exists a non-zero 

value and the tested aircraft is determined as the k-th model of the database. 
(b)  Uncertain: The uncertain recognition includes two cases, reject and unknown. One, 

the case of reject, all components of the matching result become zeros, Tij = (0, 0, …, 
0), occur either in processing or at finish of the comparisons, and this result shows 
that the tested model is not contained in the database. The other, the case of un-
known, ,k

ijC  exists many non-zero values among the matching result, Tij, at the 
comparisons finished, and this result is unable to determine the tested model from 
the database models. 

(c)  Inaccurate: The matching result appears only one non-zero value in Tij, but it is not 
the model number of the tested aircraft. 

4. STABILITY ANALYSIS OF CROSS-RATIO 

The displacements of scatterers, influenced by noise or the extracted thresholds, 
may vary the cross-ratio since the calculated cross-ratio is formed by five scatterers. 
Therefore, the real cross-ratios are converted into integral cross-ratios to increase the 
error tolerance in matching cross-ratios. However, cross-ratios may be greatly varied by 
a large variance of noise. Consequently, a searching key is provided for searching data in 
the database, and this approach can reduce the costs of searching the database and 
matching data.  

The analysis method of Song et al. [14] is followed to derive a criterion for select-
ing a searching key, such that the selected key is suitable for the recognition method. 
Supposing that the cross-ratio of five scatterers is τ, Eq. (2), CRa(θ1, θ2, θ3) = τ, can be 
represented by the following formula (Ref. to Fig. 2). 

1 2 2 3 1 2

3 42 1 2 3

1 1
2 2
1 1
2 2

sin( ) sin( )
,

sin( ) sin( )

ab ad ac ae S S
S Sac ad ab ae

θ θ θ θ
τ

θ θ θ θ

+ ⋅ +
= =

⋅ + +
            (15) 

where Si = 1
2 AiBisin(Θi), i = 1, 2, 3, 4 is the area of the triangle, and Ai, Bi are the lengths 

of the two edges adjacent to the including angle Θi. The corresponding relationships be-  
tween Eq. (15) and Si are (A1, B1) = ( ,  ),ab ad  Θ1 = θ1 + θ2; (A2, B2) = ( ,  ),ac ae  Θ2  
= θ2 + θ3; (A3, B3) = ( ,  ),ac ad  Θ3 = θ2; (A4, B4) = ( ,  ),ab ae  Θ4 = θ1 + θ2 + θ3. 

The error rate of the cross-ratio influenced by noise or displacement is defined as 
ER = | Δτ / τ |, where Δτ is the variance of the cross-ratio. Then, differentiating Eq. (15) 
yields  

2 1 1 2 1 2
1 2 3 42 2

3 4 3 4 3 4 3 4
,

S S S S S S
S S S S

S S S S S S S S
τ∂ = ∂ + ∂ − ∂ − ∂                         (16) 

and substituting Eqs. (15) and (16) into ER yields  

3 4 1 2

3 4 1 2
.

S S S S
ER

S S S S
Δ Δ Δ Δ

≅ + − −                                        (17) 
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This equation shows that the error rate of the cross-ratio is a function of the variation of 
the measured area of the triangle. Differentiating Si yields,  

1
2 ( sin sin cos ),i i i i i i i i i i iS B A A B A B∂ = Θ ⋅ ∂ + Θ ⋅ ∂ + Θ ⋅ ∂Θ                 (18) 

and 

,
tan

i i i i

i i i i

S A B
S A B
Δ Δ Δ ΔΘ

≅ + +
Θ

                                          (19) 

where the variation of ΔΘi is also affected by the vertex displacements of the two adja-
cent edges, and the maximum variation of ΔΘi is  

,i i
i

i i

A B
A B
Δ Δ

ΔΘ ≅ +                                                  (20) 

such that, 

11 .
tan

i i i

i i i i

S A B
S A B

⎛ ⎞ ⎛ ⎞Δ Δ Δ
≅ + +⎜ ⎟ ⎜ ⎟Θ⎝ ⎠ ⎝ ⎠

        (21) 

Finally, let ( ) ( )1 1 1
tan1 ,

i i ii BAD Θ= + +  i = 1, 2, 3, 4 and the criterion of the  

searching keys is specified as  

3 4 1 2 .SK D D D D= + − −                                            (22) 

A smaller SK corresponds to a more stable cross-ratio and represents the fact that 
the variation of the cross-ratio is hardly influenced by noise or the displacements of scat-
terers. Therefore, a stable cross-ratio description is selected as the searching key when 
the database is established to accelerate the comparison of the data. Eq. (22) is used to 
select the searching key, the cross-ratio description with the smallest SK, in the database. 

5. EXPERIMENTAL RESULTS 

Since ISAR technology is still at the research and design stage, and only a few ex-
perimental systems are reported under development in the literature [18]. Most research-
ers used synthetic ISAR images or models to demonstrate their proposed methods in 
ISAR technology [15, 16]. Since the recognition method in ISAR imagery is mainly dis-
cussed in this paper, the synthetic ISAR data are used to demonstrate the proposed 
method. The conspicuous scatterers in an ISAR image typically appear at constant loca-
tions [8, 9], and the segment procedure will not be demonstrated in experiments. Never-
theless, the scatterer positions are added different variance (Gaussian) noise to simulate 
the positions variation after segment processing in the experiments. Suppose that the 
conspicuous scatterers have extracted and ordered using the procedures elucidated in 
section 2.1, and the locations of scatterers of all aircraft models are pre-defined in ex-
periments. Aircraft models are established by the simulated scatterers and Fig. 6 shows  
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(a) F-14       (b) F-15E     (c) F-16C     (d) F-18C     (e) A-10     (f) MIG-29   

      
(g) C-141   (h) SOKOG-4   (i) B-1B        (j) H-6      (k) B-747SP    (l) MIG-19 

   
(m) MIG-21     (n) A-6       (o) A-7     (p) SAAB-2000 
Fig. 6. The sketch map of aircraft models in the database.  

 
the point-scatterer models of aircraft in the database. According to the recognition 
method elucidated in section 3, we constitutes a database that is based on cross-ratios for 
recognizing an aircraft model in an ISAR image, as shown in Table 1. Moreover, the 
primary key selected by Eq. (22) is the second cross-ratio of the wing description, WD5, 
and the searching threshold is set to s = 5 for selecting the model’s data in the database. 

In recognizing a tested aircraft model, the outline description cross-ratios and wing 
description cross-ratios are calculated first, and then these features are compared with the 
model’s data in the database to determine the tested aircraft model. Moreover, the 
matching thresholds must be set carefully, because the larger thresholds will increase the 
uncertain recognition and the smaller thresholds will also decrease the correct recogni-
tion. Therefore, the error tolerance of matching is set to λ = ⎡0.5 × std⎤, where std is the 
standard deviation vector of the descriptions in the database, and get a reasonable thresh-
olds. The threshold vector, λ, is set to (13, 13, 4, 3, 3, 4, 7, 5, 9) in all experiments. Addi-
tionally, the recognizing results are given as the percentages of correct, uncertain, and 
inaccurate recognition. The proportion of uncertain results from the tested model is in-
fluenced by noise with a large variance and not classified in inaccurate recognition. 

First, the scatterer positions of the tested aircraft are varied by adding noise with 
different variances to simulate the segment results, an example F-14 is shown in Fig. 7, 
and then performing aircraft recognition in the database to investigate the robustness of 
the method. Figs. 8 (a-e) depict the percentages of the correct, uncertain, and inaccurate 
recognition, which each aircraft model is recognized 1,000 times as adding with different 
variances noise to the scatterer positions. The percentages of the correct, uncertain, and 
inaccurate recognition of each tested model are depicted as the blue, green, and red bars, 
respectively. As the variance of noise is increasingly augmented, the percentage of 
correct recognition is decreased dramatically and the percentage of uncertain recognition  
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(a) σ2 = 2 pixels2.  (b) σ2 = 4 pixels2.  (c) σ2 = 6 pixels2.  (d) σ2 = 8 pixels2.  (e) σ2 = 10 pixels2. 

Fig. 7. An example of F-14, the scatterers distribution in adding noise with different variances. 

   
(a) σ2 = 2 pixels2.             (b) σ2 = 4 pixels2.             (c) σ2 = 6 pixels2. 

   
                    (d) σ2 = 8 pixels2.              (e) σ2 = 10 pixels2. 

Fig. 8. The recognition results of the scatterer positions adding noise with different variances. 

 
is increased greatly. Still, the percentage of inaccurate recognition is lower than that of 
correct recognition. The percentage of correct recognition is maintained on average 
77.21% in the case of adding the largest variance of noise (σ 2 = 10), whereas the inac-
curate percentage of recognition is kept in the rate below average 3.36%. 

Second, ISAR imagery is generated from reflectively data collected as the target ro-
tates while remaining in the radar beam, and the scatterers is rotated to simulate the tar-
get motion and investigate the robust and effective of the recognition method. The scat-
terers of all models are rotated in a test range, the directions of pitch, roll and yaw are 
rotated different angles from − 30° to 30°, and the scatterer positions varied by noise 
with different variance. An example of model rotation is shown in Fig. 9 (a), and the 
recognition results are shown in Figs. 9 (b-f). The correct recognition is maintained on an 
average 73% in the case of adding the largest variance of noise, whereas the inaccurate 
percentage of recognition is kept in the rate below 3.96%. The recognition method is 
robust and effective for the aircraft rotation. 

Finally, an aircraft model, F-14C, with a scatterer segmented at wrong positions as 
shown in Fig. 10 (a), was used to verify the robustness of the recognition method. The 
scatterer positions are influenced by diverse variances of Gaussian noise to perform the 
recognition. The experimental results, as shown in Fig. 10 (b), reveal that the correct rate 
and inaccurate rate is 69%-100% and 0%, respectively, when the scatterer is segmented  
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(a)                  (b)  σ2 = 2 pixels2.            (c) σ2 = 4 pixels2. 

 
(d) σ2 = 6 pixels2.            (e) σ2 = 8 pixels2.            (f) σ2 = 10 pixels2. 

Fig. 9. (a) An example depicts the point scatterers processed by rotation. (pitch = 10°, roll = 10°, 
yaw = 20°) The recognition results of the scatterer positions adding noise with different 
variances are shown in (b-f).  

       
                     (a)                               (b) 
Fig. 10. (a) The simulated scatterers of model F-14C, where the scatterer depicted by square is 

extracted at wrong position in the aircraft model; (b) The recognition results of the scat-
terer positions in adding noise, where the (blue) circle, (green) triangle, (red) x-mark 
curve represents the correct, uncertain and inaccurate recognition rate, respectively. 

 
at different position of the model and varied with different variances noise. The experi-
mental results show that the proposed method is both robust and effective in recognizing 
aircraft in ISAR images. Although the method was not confirmed by the real ISAR im-
ages, the simulated results showed that the recognition method should be appropriate for 
applications of real ISAR images. 

6. CONCLUSIONS 

This work presents a novel method that uses geometric invariants to identify an air-
craft in an ISAR image. The method relies on the characteristic that the scatterers of the 
aircraft appear at fixed locations in ISAR images. The cross-ratio description of an air-
craft model is a fixed and ordered vector, and a small database is built for recognition. 
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Furthermore, a criterion for selecting a stable key is deduced, to accelerate matching, in 
establishing a database. Applying the point-scatterer model in experiments shows that the 
method of recognition effectively identifies the tested aircraft model, when the scatterers 
are influenced by noise.  

However, the projected scatterers are influenced by the rotation of a moving aircraft 
in real ISAR images. The number of features may differ, so that the method of matching 
either the same or different number of cross-ratios to the database models must be con-
sidered. Future research should address the improvement of the recognition rate and the 
identification of a moving aircraft in ISAR image sequences. 
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