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Abstract

The paper presents the issue of improving the efficiency of the radar target recognition by
flexibly extending the observation time, giving results of evaluating the quality metrics of “the
multi-step recognition algorithm with the ability to meet the reliability of decisions” in the case
of recognizing radar targets on Gaussian noise. In the paper, we use the simulation method
to determine the probability matrix of conditional true/false recognition and the statistical
properties of the required number of observation cycles. The simulation results show that
the multi-step algorithm improves the probability of true recognition and allows to meet the
reliability of the decisions with the average number of required observation cycles significantly
smaller than that in the case of using the conventional one-step algorithm.
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1. Introduction

Due to the effect of noise and high uncertainty of posteriori information, the quality
metrics of radar target recognition systems are often low and fluctuate strongly according
to observation conditions [1], [2], [3], [4]. Meanwhile, making false decisions about
target classes to be recognized can lead to serious consequences. Therefore, improving
the quality of recognition and ensuring the reliability of decisions (RoD) is an important
issue that needs to be solved to apply these systems in the radar technique.

Solutions to improve the ability of information collection of the radar system to
overcome the uncertainty of posteriori information... often lead to the increase of com-
plexity and cost of the system [1], [3], [4]. On the other hand, because of limitations
caused by objective and subjective factors in terms of technology, these solutions only
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contribute to improving the recognition quality in general but do not satisty the specific
requirements of users in reality. With a different approach, the required quality can
be achieved by “Extending the observation time to increase the amount of information
about the target”. In this way, there are many studies to build multi-step decision-making
algorithms based on the sequential analysis theory [5], [6]. However, they have only
resolved the detection issues [7], [8], [9]. With the case of recognition, it is required
to research and develop further. In order to contribute to the development of the above
research direction, the multi-step recognition algorithm (MSRA) with the ability to
meet the required RoD was proposed [10]. In which, meeting the RoD is implemented
by “extending decision-making time” or “reducing the level of classification detail”. To
apply the algorithm to practical applications, it is necessary to analyze in more detail the
quality of the recognition decision. In which, we cannot ignore an important parameter,
it is “observation time required for decision making". With this objective, the paper is
organized as follows:

- Describe the proposed MSRA with the ability to meet RoD.
- Evaluate algorithm performance.

- Conclusion.

2. Multi-step recognition algorithm with the ability to meet reliability
of decisions

The basis for solving the problem of radar target recognition is the “difference” in the
type or parameters of the statistical model of each target class needs to be recognized.
Statistical models are usually expressed through a set of conditional probability density
functions (CPDF) of radar portraits (RP) that the recognition system can collect. Nor-
mally, in radar systems, the observation is done sequentially in cycles. Let &, be the
RP created in the m'™ observation cycle (OC), then after “n” OCs, the set of portraits
will be obtained [5 (”)} = [&,&, .. .,&,]. Since the period of OCs is often much larger
than the signal variation time, the RP can be considered independent and the CPDF of
the RP set [¢™)] is written in the form [3], [10], [4]:

W () = ()i = T, 1=10 0

where pl(l)(f‘m) = p(¢,,// H,) is the CPDF of the portrait of H; class targets obtained
in m" OC; [ =1+ L is the sequence number of the target classes; L is the number of
target classes needs to be recognized; H; is the hypothesis of existing /-class targets.

2.1. One-step recognition algorithm

Assuming that the decision is made after every “Np,.” OCs, according to the clas-
sical theory, the one-step recognition algorithm (OSRA) is implemented based on the
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following rule [1], [4], [10]:

g al;g;lmfx{PlpgNOM) ([S(NOHC)D} then K *Now) — )

where P, = P{H,}, | = 1 + L is the probability of the appearance of I-class tar-
gets; pl(NO“C) ([5 (N()nc)]) is CPDF of the set of RPs [5 (NO“C)} calculated using formula
(1); H*WNon) is the decision function in the OSRA with the number of accumulated
observation cycles Noy.; H;, kK =1+ L is the decision of “targets belong to class k™.

2.2. Multi-steps recognition algorithm
Assume that the requirement for the RoD is:

Ry =P{H,/H} 2 R, k=1=+1L 3)

where I,k =1+ L the required RoD for the “k”-class target.
At n'" observation cycle, based on the obtained RPs [(W] = [¢),&,,...,&,], the
(n) (n)
recognition system forms a set of values “P { H,/ [¢"] } = M, l=1+L"
% i ()

and makes a decision according to the rule:

With k= argmaX{P {Hl/ [5(")} }} :
I=1+L

— ItP{H,/[¢"]} > Ry then H™" = H; 4)
- If P{H,/ [f(”)}} < R; then H*M' =0} where n<N,,,
and H*Mv = [ % Wheren = N

max
where H*Mu! i the decision function of the MSRA; H 18 the decision of “the target
belongs to class k7 (single decision); H{ is the decision of “move to next OC”; N ..

is the allowed maximum number of OC; H,, is the decision of “the target belongs to
the classes of a group, including class k and several other classes” (group decision).

3. Algorithm analysis and evaluation
3.1. Quality metrics and evaluation method

A statistical quality parameter of each recognition algorithm is expressed through a set
of confusion matrix of the conditional recognition probabilities P, = P {H}/H,} , k,1 =
1 + L. Based on these values, it is possible to determine typical primary quality
parameters such as [2], [3], [4], [10]: Probabilities of correct recognition and their
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L
average Dy, = Py, k =1+ L, Drg = % Z %/k> Average of the probabilities of wrong

recognition for each class and the average cost for all classes Fj, = % Z Py, k=

kAL k=1
. 1 & ) . _ Prlrsn .
1+L,Frg =7 )  Fj: RoDs and their average: R, = L— k=1+L,Ripg=
kAL k=1 = PP

) L
7 2 By
k=1

In the MSRAs, in addition to the parameters mentioned above, it is necessary to
pay attention to the observation time required to ensure requirements quality criteria.
Specifically, with the algorithm (4), it is the number of OCs (symbolized by Ny,)
necessary for the decisions to have the required reliability (3). It can be seen that, in (5),
the decision to stop or continue the observation depends on P {H i/ [f (”)} } Jk=1+L
are functions of a set of random values [£™]. Thus, Ny, is a discrete random value, its
variation law is expressed through the probability mass function and other parameters
such as mean, variance... Notice that, when evaluating the statistical properties of Ny,
it 1s necessary to exclude group decisions (remove the limit on the maximum number
of OCs: N, . = 00). In addition, the comparison of the MSRA (4) and the OSRA (2)
should be performed under the same reliability requirement that the decisions need to
satisfy (3).

Note that, if L = 2 (corresponding to two hypotheses of the detection problem: “H;
— target presence”, “Hy — target absence”) and P, = P,, then (4) can be transformed to
the same form as the generalized Wald sequential probability ratio test [8]:

(n) *
H*=H* if LW = ([5 D LAP — U 5)
1 Pen) - 1R
1 _ *
H =Hy if LW < LA = f%Q
R;3

In [6], the authors developed an algorithm of sequential detection of targets in
multichannel systems with the ability to fix the false-alarm rate and the rate of missed
detections at specified levels. This sequential detection procedure is asymptotically
optimal in the sense of minimizing the expected sample size (number of observation
cycles) when the probabilities of erroneous decisions are small. It has been rigorously
demonstrated by both theoretical analysis and simulation. In the case of L > 2, it is
difficult to prove the optimality. Therefore, we only limit the evaluation of the algorithm
(4) according to the key recognition quality metrics given above by simulation.

3.2. Simulation procedure

In order to comprehensively evaluate the recognition algorithm, it is necessary to
investigate its quality metrics according to many parameters (observation conditions as
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well as parameters of the algorithm) [1], [4]. Due to the limited capacity, the paper
only focuses on the main goal of analyzing MSRA in terms of “Assuring reliability -
Observation time” in the condition of variable noise levels, providing evaluation results
of its advantages and disadvantages compared to the OSRA operating under similar
conditions. The selection of simulation conditions is carried out towards the common
radar target identification problem in practice: the number of layers needed and capable
of discriminating is not too large. The recognition is processed after interference has
been removed, remaining only Gaussian noise in RPs [3], [4], [9]. With the above goal,
the parameters of the observation conditions and the algorithm are selected as follows.

Parameters of the observation conditions:

- Target classes need to be recognized: the amount of L. = 5 with the same appearance
probability.

- Type of the portrait: the power portrait with five levels “0; 3; 5; 9; 117 [dB]
(represent five target classes: very small, small, medium, large, and very large).

- Type of noise: Gaussian noise with spectral density 02 = 0 + (—24) [dB].
Parameters of the algorithm:

- The reliability requirement of decisions:

R,=P{H,/H;} >R, =R =078, k=1=+1L (6)

- The maximum number of OCs in the MSRA (5): N, = oo.
- The number of OCs in the OSRA (2): None = 10.
Simulation procedure:

With each set of parameters mentioned above, simulate algorithms (2) and (4) with
Ng; iterations (/Ng; is chosen large enough to ensure the required accuracy). The data
obtained from the simulation is used to estimate the confusion matrix Py ; k,l = 1+L
and the statistical parameters of Ny, (the conditional mean Nhyi = Naju/m, bk =

L
1 + L, and their average NTByy,; = % >~ Nkyu). From here, we can calculate and

k=1
investigate different quality metrics. The main results are presented in the next section.
3.3. Simulation results

3.3.1. Evaluation results in terms of “Assuring reliability — Observation time”

The analysis of the ability to ensure the reliability (5) and the number of OCs in
OSRA and OSRA is implemented through the two main results: - With the OSRA:
The dependence of RoD on the noise level 0(2) and the number of OCs Ng,,.. Investigation
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Fig. 1. The dependence of “RoD” of the OSRA on the noise level and the number of OCs.
(a) - o0& = var, None = 10; (b) - None = var, o3 = —9 [dB].

1
30

tm NIBypm

Ry N‘l_

e o

Ry m

- e

= T

4 03 LLY Sl

Ry N,

= 2y

o T T Ty S Sy Y% m 1w - 12 29 -5 -3 o

lﬂ-k(wuz) lﬂ-k{wuz)
(@) (b)

Fig. 2. The dependence of “RoD” (a) and “average number of OCs” (b) on the noise level (08 = var)

in the MSRA.
results in two specific cases “o2 = var, Non = 10” and “No,. = var, 02 = —9 [dB]”

are shown in Fig. 1.

- With the MSRA: The dependence of RoD and ‘“average number of OCs” on the
noise level. The results are shown in Fig. 2.

Discussion:
- With Ng,., the RoD of the OSRA only meets the requirement [9] with the noise
level 0(2) = —9 [dB] (see Fig. 1-a). With a constant noise level, when Ny, increases, the

RoD increases (see Fig. 1-b). However, as the number of cycles Ng,,. used in the OSRA
is always fixed in advance, it is impossible to guarantee the RoD when the observation
conditions change.
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Table 1. Simulation results at the noise level of 03 = —3 [dB]
Target class order “k” 1 2 3 4 5 Ave. value Ref, figure
For the OSRA Numb;:oonsO-CIS{k_ e 0.716  0.495 0.1635 0919 0.972 0.1731 Fig. 1-a.
For the MSRA. — e PG N 155279201 — 56— 29— 145 Fie 2%

- The MSRA always meets the requirement (5) in the whole variation range of the
noise level. Similar to the OSRA, the RoD in the MSRA tends to decrease as the noise
level increases. However, its slope gradually decreases as approaching the required value
of the reliability (see Fig. 2-a).

- As the noise level increases, the average number of OCs of the MSRA (Nrparu)
also increases. At a noise level value of 02 = —9 [dB] (the maximum noise level that
the OSRA with Ng,,. = 10 can satisfy the requirement (5)), we have Nppgp = 4.5 <
None = 10. In addition, it is noticed that Nrgyr = None = 10 occurs at a noise level
of 0§ = —5 [dB], about 4 [dB] higher than the maximum noise level at which the
OSRA can still meet the requirement (5) (see Fig. 2-b).

- Simulation results at the noise level of are given in Table 1.

It can be seen that, due to the constant number of OCs, the RoDs in the OSRA has a
large distinction: for easy-to-identify targets, the RoD is higher than the required value
(R, > R* = 0.78 with k = 4, 5), for difficult-to-identify targets, the RoD is lower than
the required value (7, < R* = 0.78 with £ = 1, 2, 3). In the MSRA, the RoDs tends to
be more uniform and always meet the required value (2, > R* = 0.78 with k = 1+5).
The reason is flexibility in adjusting the number of OCs: for easy-to-identify targets,
using fewer OCs (Nky; <N, With & = 4, 5), for difficult-to-detect targets, using more
OCs (Nkyy > N, With k& = 4,5). Considering the mean value (in general), at the
noise level o} = —3 [dB], the MSRA gives the average RoDs Ryp = 0.838 with
the average number of OCs NTB,;, = 14. Compared with the OSRA (Rg = 0.751;
None = 10), it improves the RoDs by approximately 0.09 by extending about 4,5 OCs.

3.3.2. Evaluation based on the true or false recognition probability

To evaluate the quality metrics of MSRA more fully, following the analysis under
the aspect of “Assuring reliability - Observation time” in the previous section, we will
compare MSRA with OSRA according to two sets of primary quality parameters given
in Section 3.3.1, they are the probabilities of true and false recognition: Dy, (k = 1+5),
Drg and Fj, (k = 1 +5), Frg. The results of evaluating these parameters when the
noise level varies are shown in Fig. 3 (for the OSRA) and Fig. 4 (for the MSRA).

Discussions:

- As the noise level increases, the average probability of the true (false) recognition
increases (decreases) for both algorithms. However, the rate of increase and decrease
of these probabilities in the MSRA is significantly smaller than that in the OSRA. The
difference is more pronounced in the strong noise region, where the probabilities of
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Fig. 3. The dependence of the probability of true (a) and false (b) recognition of the OSRA on the
noise level 03 = var and Nop. = 10.
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Fig. 4. The dependence of the probability of true (a) and false (b) recognition of the MSRA on the
noise level 0'8 = var.

the true (and false) recognition in the MSRA tend to be closer to each other. This
is explained as when the noise increases, the MSRA will extend the observation time
flexibly to ensure reliability with the smallest number of OCs.

- Considering the average recognition quality parameters (Drp va Frp), at the noise
level 0(2) ~ —5 [dB] (the level where No,. = NTBypy) two algorithms have the same
quality. With the noise level 02 < —5 [dB], the OSRA proves higher quality (due to
Noue > NTBy) and when 02 > —5 [dB] - worse quality (due to Noye < NTByp).
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4. Conclusion

In this paper, the analysis of quality of the MSRA in the radar technique has been
presented, the primary recognition quality parameters of the algorithm have been verified
by simulation. The results show that:

- Accumulation through OCs increases the overall recognition quality metrics. The
MSRA ensures the RoD when the noise level varies by flexibly changing the observation
time. Under the same noise level and the required RoD, the average number of OCs of
the MSRA is significantly smaller than that required for the OSRA.

- Due to the randomness of the number of OCs used in the MSRA, the observation
time may be extended. This drawback can be overcome by the solution of making group
decisions as proposed in [3].

- The number of OCs is an important parameter of the MSRA. Its statistical properties
depend on many different factors and should be completely evaluated for each specific
recognition task. Due to the limitation of capacity, in this paper, we only present some
key results in typical conditions.
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PHAN TICH PANH GIA CHAT LUONG THUAT TOAN

NHAN DANG MUC TIEU RA PA NHIEU BUGC VOI KHA
NANG DAP UNG PO TIN CAY CUA CAC QUYET PINH

Nguyén Hoang Nguyén, Hoang Minh Thién, Luu Vin Tudn, Pham Cao Pai

Tém tat

Bai bdo dé cap dén van dé nang cao hiéu qua cta qud trinh nhan dang myc tiéu ra da
theo hudng linh hoat kéo dai thoi gian quan sét, dua ra két qua khéo sat danh gia cac chi
tiéu chat lugng clia “thuét toan nhan dang nhiéu budc véi kha nang dép ung do tin cdy cua
cic quyét dinh” trong trIIdng hgp nhin dang muc tiéu trén nen tap Gauss. O day chung toi
st dung phuong phdp md phong de xdc dinh ma tran xdc suit nhan dang ding, sai c6 diéu
kién va tinh chat thong ké ctia sd chu ky quan sat cin thiét. Két qua mo phong cho thiy,
thuat todn nhiéu budc gop phan nang cao xac suit nhan dang dung va cho phép dap ung do
tin cdy cua cac quyet dinh vé6i trung binh sé chu ky quan sat can thiét nhé hon dang ké so
v6i trudng hop st dung thuat todn mot bude kinh dién.
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