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Abstract: Due to the small scale and weak energy of the infrared dim small target, the background must be sup-

pressed to enhance the target in order to ensure the performance of detection and tracking of the target in the later

stage. In order to improve the ability of gradient reciprocal filter to suppress the clutter texture and reduce the inter-

ference of the residual texture to the target in the difference image, an adaptive gradient reciprocal filtering algorithm

(AGRF) is proposed in this paper. In the AGRF, the adaptive judgment threshold and the adaptive relevancy coeffi-

cient function of inter-pixel correlation in the local region are determined by analyzing the distribution characteristics

and statistical numeral characteristic of the background region, clutter texture, and target. Then the element value of

the adaptive gradient reciprocal filter is determined by combining the relevancy coefficient function and the gradient

reciprocal function. Experimental results indicate that the sensitivity of the AGRF algorithm to the clutter texture is

significantly lower than that of the traditional gradient reciprocal filtering algorithm under the premise of the same

target enhancement performance. Compared with the other nine algorithms, the AGRF algorithm has better sig-

nal-to-noise ratio gain (SNRG) and background suppress factor (BSF).

Keywords: infrared dim small target; background suppression; gradient reciprocal filtering; clutter texture
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Table 1 The energy, velocity, and trajectory characteristics of the targets

Snrin/dB Velocities/(pixels/frame)
Scenes Total frames Sizes Trajectories
Min Max Mean Min Max Mean
A 30 256x200 1.9764 14.4036 9.1537 0 2.8284 1.2967 Complex curve trajectory
164 245x175 0.8277 12.6054 7.8838 0 1.4142 0.2809 Linear trajectory
Reciprocating moves with
C 56 196x196 0.0810 12.2177 7.3223 0 1.4142 0.5727

a complex trajectory

Scene A

Scene B Scene C

P

~

A1 BAFHESH I

Fig. 1 The trajectories of the targets
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Table 2 The parameters of the ten algorithms

Algorithms Parameters
AGRF Structural element size: mxn, m=n=3
TGRF1 Structural element size: mxn, m=n=3, 6=10 !
TGRF2 Structural element size: mxn, m=n=3, K=5, c=1 **!
TGRF3 Structural element size: mxn, m=n=3, K=2, c=2 1!
MF Structural element size: mxn, m=n=3
GF Bandwidth: B=5
IPI Patch size: 50x50, sliding step:10, A=(min(size(D))) "2, g=107 !
PSTNN Patch size: 40x40, sliding step:40, 4=0.6x(max(size(D))) "2, =107 2%
MPCM Mask size: N=3,5,7,9 7
MWLCM Convolution mask size: D=3, Weighted mask size: W=3, 5%

A 48 b % A5 W L 34 25 (signal-to-noise ratio
gain, Sy, ) il ¥ (background suppress factor,
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o —
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8.
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=5 (11)
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% 3 AGRF #a % P AUAE T Vo Bk 44 35 47 4 20R
Table 3 The Snre and Bsg values of AGRF and the other nine algorithms

Scenes Algorithms Sre/dB Ber
Min Max Mean Min Max Mean
AGRF 1.4318 14.5467 8.5152 8.4074 10.1775 9.1212
TGRF1 0.1389 5.3168 3.2409 5.8432 6.4920 6.0675
TGRF2 0.3707 5.4119 3.2926 5.5092 6.1362 5.7112
TGRF3 0.2595 5.4322 3.2426 5.3443 5.9421 5.5412
MF -1.3206 7.8455 2.1052 2.9911 3.5830 3.1966
A GF 0.5245 9.1417 3.9417 3.7368 4.3449 3.9863
IPI 1.0146 8.3615 3.6349 3.3556 6.1655 4.3638
PSTNN 1.4266 9.5410 4.3144 2.4219 4.4709 2.9881
MPCM -5.2338 10.4453 3.9401 1.8895 3.7153 2.6015
MWLCM 0.7277 12.1279 3.8269 1.7149 5.2469 3.4517
AGRF -0.2955 3.5235 1.5316 18.3679 19.1034 18.7378
TGRF1 -0.9171 3.3898 1.5090 13.3689 13.6873 13.5670
TGRF2 -0.6594 3.0443 1.3981 12.1735 12.4756 12.3671
TGRF3 -1.0907 3.5175 1.4915 12.0277 12.3255 12.2187
MF -1.3828 3.1671 0.8868 5.5295 5.6620 5.5934
° GF -6.9077 2.6916 0.7823 4.1608 4.2158 4.1826
IPI -1.3244 1.4968 0.0566 7.4858 18.0002 10.7508
PSTNN -0.6069 3.1282 0.0953 2.7764 4.0866 3.3782
MPCM -11.4079 0.8875 0.0321 11.4831 13.2417 12.1940
MWLCM -6.9957 2.4653 0.8712 4.5383 7.8829 6.0311
AGRF 0.3587 10.2301 4.2088 18.6607 21.7150 19.8299
TGRF1 -0.4963 10.0609 3.7432 18.0908 20.7674 19.4282
TGRF2 -0.5165 9.8415 3.6595 16.4072 18.9794 17.6397
TGRF3 -0.4726 9.9181 3.6877 16.2585 18.7240 17.4669
MF -2.7098 6.3646 1.1974 10.4714 10.7958 10.6413
¢ GF 0.1454 9.6489 4.1923 5.5057 5.6942 5.5993
IPI 0.1339 9.4985 3.2826 4.8423 6.7377 5.6288
PSTNN 0.3203 9.4696 4.1053 4.1923 5.2520 4.6491
MPCM 0.2853 9.0189 3.2278 4.9868 19.3601 11.5253
MWLCM -0.3660 8.9545 3.6217 3.9536 9.0515 6.0181

K3 WoR, HECHAD 7 #%k, AGRF. MF fi
MWLCM BIEHBEA M = ]2 sl % a8, 1
TE B B ARSI T, AGRF B9 AT MFE il
MWLCM 53 . MWLCM F35 H X IS SRR
FEAc U, BT A 220y B TP AE A K I DA T3 H ks
Wt BAR A, Rl sk B s BSe 80X BARRA 2L
PEW=H 5200, TPT, PSTNN Fll MPCM B4 =215

SCCEMHIBCR AT, 220 B RAR rT LI 2]
BHKEER SN 2T 5. HTERE RS
JREEME LG, BAnICA Re R 2 A R0E R, Flle
PSTNN # MPCM Sk H5R B = 2 LT 58 248 HAr s
WAL, IPI, PSTNN £l MPCM 3% X — A JEAMY
ATLAMIEL 3 LS e b o, AFR 3 AR M LL i 2 4K
Pt vl LA e >k
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Fig. 2 The visual effect of background suppression of the ten algorithms for scene A
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Fig. 3 The visual effect of background suppression of the ten algorithms for scene B
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Fig. 4 The visual effect of background suppression of the ten algorithms for scene C
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The trajectories of the targets

Overview: Due to the small scale and weak energy of the infrared dim small target, the background must be suppressed
to enhance the target in order to ensure the performance of detection and tracking of the target in the later stage. In or-
der to improve the ability of gradient reciprocal filter to suppress the clutter texture and reduce the interference of the
residual texture to the target in the difference image, an adaptive gradient reciprocal filtering algorithm (AGRF) is pro-
posed in this paper. In the AGRF, the adaptive judgment threshold and the adaptive relevancy coefficient function of
inter-pixel correlation in the local region are determined by analyzing the distribution characteristics and statistical
numeral characteristic of the background region, clutter texture, and target. Then the element value of the adaptive gra-
dient reciprocal filter is determined by combining the relevancy coefficient function and the gradient reciprocal func-
tion. Experimental results indicate that the sensitivity of the AGRF algorithm to the clutter texture is significantly lower
than that of the traditional gradient reciprocal filtering algorithm under the premise of the same target enhancement
performance. Compared with the other nine algorithms, the AGRF algorithm has better signal-to-noise ratio gain
(SNRG) and background suppress factor (BSF).

Compared with the traditional gradient reciprocal filtering algorithm, the AGRF algorithm has the following charac-
teristics: 1) The parameters are fully adaptive. The AGRF algorithm provides a new threshold determination method for
the inter-pixel correlation, which realizes the adaptive determination of the threshold with the statistical features of the
neighborhood pixels. A new correlation coefficient function is defined to improve the gating performance of the filter
by its value nonlinear adaptive change with the correlation coefficient. 2) Compared with the traditional reciprocal gra-
dient filtering algorithm, the AGRF algorithm can effectively suppress the background with better texture suppression.
Compared with the traditional reciprocal gradient filtering algorithm, the parameters of the AGRF algorithm can be
adjusted completely adaptively according to the statistical characteristics of image components with different distribu-
tion characteristics, so it can achieve better texture suppression performance.
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