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Abstract. We proposed an improved target detection algorithm for Hyperspectral 
Imagery, referred as EXmorMPCTD (extended morphology based Multiple 
Properties Constrained Target Detection). By comparing the spectral difference 
between targets and sample pixels of hyperspectral image and selecting the pixels 
with conspicuously different spectral characteristic with targets to construct the   
background characteristic matrix, efficiently reduces the interference information 
and improves the accuracy of background characteristic matrix extremely. We 
carried out the validation test of the proposed algorithm. The results show that the 
detection accuracy of the traditional algorithms MCEM, ACE, OSP and TCIMF is 
0.9264, 0.9057, 0.8843 and 0.8581, while the detection accuracy of the proposed 

algorithm in this paper reaches 0.9922. The DI（Detection Index） is also increased 

from 0.611,0.608,0.601 and 0.5940 of the traditional algorithms MCEM, ACE, OSP 
and TCIMF to 0.669 of the proposed algorithm in this paper. 
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1. Introduction 

Hyperspectral target detection makes full use of continuous and abundant reflectance 

spectrum, which can represent the  diagnostic feature of substance[1-3] of hyperspectral 

image to differentiate targets and background. There are various algorithms developed 

in recent 20 years in this field, these algorithms can be classified into three classes 

according to how well we mastered the priori intelligence, that is, unknown target and 

background algorithm, unknown background but known target algorithm, known target 

and background algorithm. Some of those algorithms are so practical that many 

improved approaches were developed according to their principle. Those practical and 

typical algorithms include signal theory based Constrained Energy Minimization (CEM) 

algorithm[4], probability statistics model based Adaptive Coherence/Cosine estimator 

(ACE) algorithm[5]and Adaptive Matched Filter(AMF)algorithm[6], linear mixture 

model and subspace model based Orthogonal Subspace Projection (OSP) algorithm[7] 
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and anomaly detection algorithms, RXD(Reed and Yu Detector)[8-10] UTD(Uniformed 

Target Detector)and LPTD(Low Probability Target Detector)[11].  

We need both targets and background information, which usually cannot be acquired 

completely, when we conduct OSP algorithm. What’s more, the performance of 

suppressing noise and eliminating unknown signal of OSP algorithm is poor[12]; 

Anomaly detection algorithm does not require a priori information of the target or 

background spectrum, only regarding the pixels whose spectral characteristics do not 

meet the global or local background spectrum signal model as targets, but these 

abnormalities are not necessarily the target of interest[13-14].in addition, these 

abnormalities include some interference information at a very definite possibility[15-

16]such as noise and non-targets with low energy or little abundance. 

 Harsanyi proposed CEM algorithm, Kraut and Scharf proposed ACE algorithm, 

Fuhrmann proposed AMF algorithm which all only need the spectrum of targets to solve 

the problems above. Those algorithms are more target oriented compared to anomaly 

detection algorithms and more competent than OSP algorithm to suppress noise and 

eliminate unknown signal. But both ACE and AMF are only suit for the normal 

distributed hyperspectral data while hyperspectral data usually meets manifold 

distribution model[17]. The performance of CEM algorithm is irrelevant with the 

distribution of hyperspectral data. So in many case, CEM algorithm is more practical. 

But it has evidenced that CEM cannot classify the same type of targets with similar 

signatures and it’s sensitivity to noise do not improved substantially than OSP algorithm. 

In order to solve this problem, Chein-I Chang and Du Q et al considered general 

approaches, Multiple-Target CEM (MCEM), Sum CEM(SCEM) and Winner-Take-All 

CEM (WTACEM)[18].Those general approaches can not only solve CEM’s sensitivity 

to target spectrum and lack of noise discrimination, but also break through the limitation 

of single target detection. We usually detect the targets one by one or one signature by 

one signature when we need to detect more than one targets or target with more than one 

spectral feature. But in this way, on one hand, the efficiency of detection must decrease 

sharply, especially in the case of real time detection. On the other hand, we cannot weed 

out the false alarm by the figure of detection result. So those improved algorithms 

integrate the advantages of multiple properties target detection, noise suppressing and 

insensitivity to spectrum. 

But, similar with CEM, those approaches also ignore the impact of target on the 

background statistics. Considering the same mathematic principle and similar formula 

form between CEM and MCEM, this paper proposed an improved algorithm using 

extended morphology method to address this problem of MCEM. Taking the weak 

ability of traditional 2D ROC to identify subtle difference between two detectors into 

consideration, this paper employs DI (Detection Index) which generated by 3D ROC[19-

20](three dimensional receiver operational characteristics) to access the detection 

precision completely.. 

2. Proposed Algorithm 

As is known , in case of no information of background, the classical hyperspectral target 

detection algorithms evaluate the approximate background information by information 

of whole image. That is, background characteristic matrix R includes the information of 

targets. In order to eliminate the auto correction matrix of targets in R, this paper uses 
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orthogonal projection divergence based extended morphological erode operator, which 

removes the targets first, to extract the information of background. 

Firstly, based on spatial resolution of hyperspectral images and information of target 

size, a mobile operation window, which is larger than the size of target, is designed. In 

the window, The accumulated distance between the pixel (x, y) and other pixels is as 

follows. 

 D�f�x, y�, w�x�, y��� = {∑ ∑ distance�f�xi, yi�, w�x�, y���|(xi, yi) ∈ D�, (x�, y�) ∈ D�}
��

���
	

���               (1) 

Where: Df and Dw represents the definition domain of the hyperspectral image and 

the extended morphological window, distance represents the linear distance between two 

n-dimensional vectors, and the distance is calculated using the orthogonal projection 

divergence derived from the orthogonal subspace projection principle,OPD distance 

calculation method seen in literature[ 21]. 

Secondly, after calculating the accumulated distance between each pixel in the 

structural element and other pixels, the pixel with the smallest accumulated distance can 

be found, and the corrosion calculation of formula (2) can be obtained. 
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Eventually,After the pixel with the smallest difference from the background in the 

structural element is obtained, all the pixels in the structural element are replaced by the 

pixel, and then the position of the extended morphological window moves by pixel and 

repeats the calculation process until the entire image is calculated. All target information 

is completely filtered out.  

This paper extracts background information of hyperspectral image by this method. 

The process of target detection can be divided into the following steps. 

(a) Reading the data of hyperspectral imagery. 

(b) According to the target size and image resolution size, the size of the mobile 

calculation window is determined. 

(c) From the original pixel of the image (default left upper corner), the erosion 

operation based on expanded morphology is used to obtain the pixel in structural element, 

which is most largely similar to the background’s. Then this pixel replaces all pixels in 

structural element. 

(d) Image-by-pixel mobile operation window means that the pixels with the largest 

similarity of background is successively obtained until all pixels are traversed. At this 

time, background information is obtained. 

(e) Using the background characteristic matrix acquired by the above steps replaces 

R in the original classical algorithm model. 

(f) The improved algorithm——EXmorMPCTD （ extended morphology based 

Multiple Properties Constrained Target Detection）is used to detect target. 

(g) Algorithm execution completed. 

In order to better evaluate the advantages of the algorithm proposed by this paper,we 

construct detection index(DI) model according to 3DROC proposed in literature 19. 
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Where: area(pf, pd) represents the area of 2DROC in 3DROC model, T is the 

threshold vecter, pf is false alarm vecter, pd is the detection vecter. 
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3. Experiments and Results 

3.1. Experimental Data 

We used the hyperspectral image acquired by the spectrometer as true experimental data. 

This data has 221 valid bands in range of visible and near infrared when eliminated the 

bands with low SNR (Signal Noise Ratio).We used eight fabrics with color of light green, 

medium green, dark green as multiple spectral properties targets, as shown in figure1(a). 

The background is composed of pants, soil and some stones. this data consists of 

300×400 pixels while targets contain 50 pixels, the distribution of targets is displayed in 

figure1(b), We designed this data by considering the spectrum of pants and targets were 

similar as shown in figure 1(c). 

(a) True hyperspectral image (b) distribution of targets (c)Spectrum of true data 

Figure 1.  Experimental data 

3.2. Detection Results of True Data 

EXmorMPCTD algorithm proposed by this paper and other classical hyperspectral target 

detection algorithms, such as MCEM, ACE, OSP, TCIMF, were conducted respectively 

to detect the targets in experimental image data.the detection results are listed in figure 

2. According to the distribution of targets shown in figure 1, the detection result of 

EXmorMPCTD is the best  from the perspective of visual effect. 

  

(a)detection result of EXmorMPCTD (b)detection result of MCEM 
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(c)detection result of ACE (d)detection result of OSP 

 

(e)detection result of TCIMF 

Figure 2.  Detection results of true data 

 

Own to the spectral similarity between targets and principal component of background, there 

are some false alarms around targets in the detection result of MCEM, ACE, OSP and TCIMF, as 

shown in figure 3(b)-(e), We can get the information that some background detection value even 

larger than targets detection value.In contrast, the EXmorMPCTD algorithm proposed by this 

paper suppresses the background and highlights the targets effectively seen in figure 2(a) and figure 

3(a), which   describe the superiority of EXmorMPCTD algorithm graphically. 

 

 
(a)detection statistics of EXmorMPCTD (b)detection statistics of MCEM 
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(c) detection statistics of ACE (d) detection statistics of OSP 

(e)detection statistics of TCIMF

Figure 3.  3D detection statistics for true data detection result 

 

The result of detection accuracy evaluation were displayed in figure 4 and table 1. 

Figure 4 shows the 3D ROC of detection results, table1 shows the 2D AUC, AI value of 

five detectors. we can already estimate the performance of EXmorMPCTD algorithm 

and other five classical algorithms by traditional 2D AUC (0.9922 vs 

0.9264,0.9057,0.8843,0.8581). Even though the background detection value of MCEM  

is a little smaller than EXmorMPCTD, the targets detection value is far smaller than the 

counterpart of EXmorMPCTD.So,as seen in table 1, EXmorMPCTD acquires the AI 

with larger value. What is more, EXmorMPCTD assures all the targets detection value 

larger than background detection value, which is the key to improve the detection 

accuracy. 
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Figure 4.  3D ROC of detection result for true data 

 

Table 1. Accuracy of detection results for true data 

Method (pf,pd)
AUC  (T,pd)

AUC  
(T,pf)

AUC  DI 

EXmorMPCTD  0.9922 0.6757 0.2252 0.669 

MCEM  0.9264 0.3430 0.1439 0.611 

ACE 0.9057 0.3330 0.1439 0.608 

OSP 0.8843 0.3192 0.1439 0.601 

TCIMF 0.8581 0.3046 0.1439 0.594 

4. Conclusion 

In this paper, we proposed a modified algorithm called EXmorMPCTD for hyperspectral 

multiple targets detection. Different from the classical algorithms such as MCEM, 

ACE,OSP and TCIMF, EXmorMPCTD construct a more precise background 

characterictics matrix by eliminating the pixels with targets spectral properties first. As 

a result, impact of targets on background statistics is lessened substantially. Additionally, 

this paper also proposed DI (Detection index) which can be calculated from 3D ROC to 

overcome the shortcoming of traditional 2D ROC accuracy evaluation method. We used 
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true data to verify this modified algorithm and the experimental results estimated by this 

proposed accuracy assessment method, demonstrated that EXmorMPCTD owns superior 

performance than the classical algorithms. 
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