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Abstract

Pattern recognition in hyperspectral imagery is a challenging problem due to the minute nature of the target signature and
the requirement to process huge amount of data. In this paper, we investigate the recent trends and advancements in joint
transform correlation (JTC) based pattern recognition in hyperspectral imagery. In particular, we investigate the
application of spectral fringe-adjusted JTC for efficient target recognition in hyperspectral imagery. Techniques for
eliminating false target detection, minimizing effects of noise and other artifacts are considered. The performance of the
spectral fringe-adjusted JTC has been compared with the existing techniques by generating ROC curves using real life
hyperspectral datasets.
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1. Introduction

Hyperspectral imaging spectometry is a new technology for remote sensing and target detection applications from
airborne and spaceborne platforms. Hyperspectral sensors have been developed to provide sensor radiance spectrum
corresponding to material characteristics [1-4]. Target detection is one of the fundamental tasks in hyperspectral image
exploitation. Recently, several detection algorithms for hyperspectral imaging applications have been reported in the
literature [1-4]. For example, an orthogonal subspace projection based classifier has been developed which can reduce
dimensionality and helps in hyperspectral image classification [5]. The idea was to apply an orthogonal subspace
projection classifier to eliminate all unwanted endmembers and interferences within a pixel, then use a matched filter to
extract the desired endmember present in that pixel, which is very challenging to implement. Furthermore, orthogonal
subspace projection becomes ineffective when the intrinsic dimensionality of data is less that the number of signatures
present in the image. In hyperspectral imagery, generally the target is present in the form of a few pixels which makes it
difficult to get the maximum likelihood estimates of the target class. This problem can be alleviated by using anomaly
detection originally proposed by Reed and Xiaoli (RX) [6] where the detection decision is based on the maximum
likelihood estimates of the background class. RX algorithm involves a practical detector, which does not rely on a priori
information about the target. However, automatic thresholding, misclassifications and false alarms are the main
challenges associated with this technique. If the target spectral signature is available as the reflectance spectra, the
spectral angle mapper (SAM) algorithm can be used for detection purposes. However, the SAM technique provides good
results only for targets having well separated distribution with small dispersions [4].

The performance of a target detection algorithm depends on the spatial information available corresponding to the
target. One way to improve the detection accuracy is to introduce additional information about the target, such as the
spectral information i.e., reflectance of the target at various wavelength bands. In the fringe-adjusted joint transform
correlation (FITC) [7-8] based detection algorithm for hyperspectral imagery, input spectral signatures from the
unknown hyperspectral image are correlated with the reference signature using the FJTC technique [9]. The detection
performance is sensitive to the shape of the target signature but not to its intensity, which makes the algorithm superior
because the signature of a material is usually preserved whereas its intensity may change due to environmental
conditions. This technique also yields very sharp and high correlation peaks corresponding to the targets.

In this paper, the performance of the spectral FITC has been investigated and compared with existing techniques by
generating ROC curves using real life hyperspectral datasets. The test results show that spectral FITC is a viable
alternative for pattern recognition in hyperspectral images when compared to alternate techniques.
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2. Spectral FITC

Joint transform correlation (JTC) technique has been found to be an effective detection technique for two-
dimensional pattern recognition applications [7,8]. The fringe-adjusted JTC (FJTC) technique has been found to yield
better correlation peak compared to other existing techniques [7]. To provide efficient target detection in case of
hyperspectral images involving challenging targets such as single pixel targets, the spectral FITC (SFJTC) technique can
be used. When the input scene contains only one spectral signature, the correlation output produced in a JTC technique
includes three terms, a strong dc or zero-order term at the center flanked by a pair of cross correlation terms in the
correlation array. The FITC technique provides enhanced correlation performance, where the joint power spectrum is
multiplied by a real-valued filter, called the fringe-adjusted filter (FAF) before applying the inverse Fourier transform to
yield the correlation output. Thus the technique overcomes the problem of zero-order correlation term and produces
sharp delta-function-like correlation peaks [7].

In the spectral FJTC technique, the reference spectral signature r(x+x,) and the unknown input spectral signature #(x-
Xg), are introduced in the input plane by separating them with a distance of 2x, along the x axis. The input joint signature
f(x) can be expressed as

S () =r(x+x,) +1(x—x,) M
Applying Fourier transform operation to Eq. (1), we get
F(u) =|R(w) explj, ) ]exp(jxy) +[T(u) | expl g, ()] exp(~jux,) @)

where |R(u )| and T'(u) are the amplitudes, and ¢r (u) and @ (u) are the phases of the Fourier transform of r(x) and

t(x), respectively. The intensity i.e., the joint power spectrum (JPS) corresponding to Eq. (1) as given by

IFaf =R +|T)[ +|Rw)||T @) exp[ j{8,(u) - ¢(u) +2ux, }]
+[R@)[ [T w)|exp[ {4, () - 4, (u) - 2ux, }

In Eq. (3), the first two terms correspond to the zero-order terms and the last two terms are the desired cross correlation
between the reference signal and the input signal. To eliminate the zero-order terms, we utilized the Fourier plane image
subtraction technique [8], where the input-scene-only power spectrum and the reference-image-only power spectrum are
subtracted from the JPS of Eq. (2). Thereafter, the modified JPS can be expressed as

3)

1@ =|F @] ~|R@)| =[T @)
=|R)||T )| exp[ j {4, (u) — () +2ux, } [+|R@)| |T(w)|exp[ j{¢,(u)— ¢, () —2ux, } ]

It may be mentioned that a classical JTC technique yields large correlation sidelobes and large correlation peak
width [9, 10], which deteriorates the detection performance. To provide sharp correlation peaks and low correlation
sidelobes, the FITC technique is used in this work, where the modified JPS found in Eq. (4) is multiplied by a fringe-
adjusted filter (FAF) before applying the final inverse Fourier transform operation. The FAF is characterized by a
transfer function, defined as

H(u)= A(u)[B(u) + |R(u)|2r (5)

“

where A(u) and B(u)are either constants or functions of # . When A(u)=1 and |R(u)|2 ») B(u), the FAF can be

approximated as
H(u) ~|R@w)|” (6)

Finally, the inverse Fourier transformation of the filtered modified JPS yields the correlation output, given by
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C(x) = F @) x 1) | ™

. . . . T .
In case of hyperspectral image cubes, one deals with » dimensional vectors, X = [xl,xz, ..... xn] called the pixel

vectors, where each pixel vector undergoes the correlation process described in the previous Section. Now if we record
the highest correlation peak to identify the location of an input signature, we may not obtain distinguishable correlation
performance since the highest peak values in the correlation output with true signature and those with false signature do
not usually differ much. In this paper, we used a postprocessing step which involves the application of a decision metric.
Decision fusion results remains the same even if the target reflectance at all wavelength bands drops or increases by
some constantk > 0, making this method sensitive to spectral shape rather than intensity. A flowchart showing the
various steps involved in the spectral FITC algorithm is shown in Fig. 1.
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Fig. 1. Spectral FJTC flowchart.

3. Test Results

To investigate the performance of the SFITC technique, two hyperspectral datasets, HYDICE terrain data and CASI
battleship park data with corrupted target signatures manually inserted into the scenes, were used. The calibrated
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HYDICE cube consists of 210 bands with a spectral resolution of about 10 nm. About 75 of these bands were in the
water absorption region, containing sensor errors. However, negative intensities were removed to avoid unnecessary
errors. The calibrated CASI data cube consists of 36 bands ranging from 433.7 nm to 965 nm. Spectral variability was
introduced in two different ways. First, each inserted corrupted signature is generated by multiplying the pure target
signature by a percentage to determine the proportion of the target signature for each inserted pixel. For example, if the
percentage for a given corrupted target signature is 55%, then, the pure target signature is multiplied by a factor of 0.55,
and the signature for the background of that pixel location is multiplied by a factor of 0.45, and the two are added
together. This type of spectral variability simulates spectral mixing of target and background signatures, which is a
challenge in hyperspectral imaging based target detection.

Figure 2 shows the results obtained by using the spectral FJTC technique with HYDICE data. Figure 2(a) represents
one band of the HYDICE data cube, Fig. 2(b) represents the truth mask, Fig. 2(c) represents the correlation output
obtained using the spectral output, and Fig. 2(d) depicts the 3D version of Fig. 2(c). There are ten targets as shown in the
truth mask plot, where all of these targets are successfully detected by the proposed technique as shown in the correlation
output. Similarly, for CASI data, the spectral FJTC technique effectively detects all of the ten targets as depicted in Fig.
3.

All 10 targets are detected correctly

(&

1D FJTC Correlation output

Figure 2. Performance of 1D-FJTC using HYDICE data
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All 11 targets are detected correctly

1D FJTC Correlation output

Figure 3. Performance of the spectral FITC using CASI data.

4. PERFORMANCE COMPARISON

We investigated the performance and advantages and disadvantages of spectral FJTC as well as other existing
algorithms for target detection in hyperspectral imagery. To investigate the performance of the various algorithms,
receiver operating characteristics (ROCs) curves were used [10]. To compare the detection performance of the spectral
FJTC algorithm against other algorithms (e.g., RX, PARRX, etc.), 12 datasets were used such as CASI-BO1, CASI-B03,
HYDICE-BO1 and HYDICE-BO03, respectively. Each of the aforementioned 4 datasets involved three cases: noise-free
(NoNoise), 5% noisy (Noise5) and 10% noisy (Noisel0) cases, thus making a total of 12 datasets.

Figures 4 to 7 show the results of the above mentioned algorithms for the 12 datasets, where CASI is denoted as CS,
HYDICE is denoted as HY, respectively. In the ROC curves of Figs. 4 to 7, lines and blank square ticks is used for
spectral FJITC (denoted as sp... in the plot). From Figs. 4 to 7, it is evident that the spectral FITC algorithm shows
excellent performance compared to alternate and/or existing algorithms and it is a viable alternative for target detection
in hyperspectral imagery.
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Figure 4. ROC detection performance for CASI BO1 dataset (NoNoise, Noise5, and Noise10 cases).
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Figure 5. ROC detection performance for CASI B03 dataset (NoNoise, Noise5, and Noisel0 cases).
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Figure 6. ROC detection performance for HYDICE B01 dataset (NoNoise, Noise5, and Noise10 cases).
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5.

Figure 7. ROC detection performance for HYDICE B03 dataset (NoNoise, Noise5, and Noise10 cases).

CONCLUSION
In this paper, we investigated the performance of all major algorithms available in the literature for hyperspectral

target detection applications. We utilized the ROCs to compare the performance of various algorithms. After analyzing
the performance of various existing and newly developed algorithms, we found that the spectral FITC algorithm yields
better performance, especially for improving the probability of target detection and reducing the false alarm rate.
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