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ABSTRACT   

Space assets are critical for USA defense, security and economic wealth.  Remote sensing is an important technology 

to gain situational awareness of the environment surrounding space assets.  Ground-based space telescope technology 

cannot spatially resolve objects in space that are distant (orbits beyond 1,000 km altitude, e.g. GEO) or that are small 

(e.g. CubeSats). These objects are denoted as unresolved space objects (URSO). Hyperspectral remote sensing has 

been proposed as a technology to extract quantitative information about unresolved space objects. The high spectral 

resolution of hyperspectral sensors contains information about the material composition of the unresolved object from 

materials’ contribution to the measured spectra. Even though the object cannot be spatially resolved, it may be 

spectrally resolved. Hyperspectral unmixing is a technique used to decompose mixed measured spectral signatures 

into the spectral signatures of constituent materials and their abundances. In terrestrial applications, unmixing has 

been widely studied looking at images that contain spectral and spatial information of the object of interest. In the 

case of unresolved space objects, the authors have proposed the use of the spectro-temporal signature of temporal 

traces collected while the space object is in transit in the field of view of the hyperspectral sensor to extract material 

composition information. A big challenge for this approach is that the collected spectro-temporal signature may not 

be rich enough to extract the material composition using blind hyperspectral unmixing methods. In this paper, we use 

a simple simulation model of a satellite like object rotating over a background to study how spatial resolution affects 

the identifiability of URSO material composition. We look at the performance as a function of the spatial resolution 

in the quality of extracted endmembers and their abundance. Preliminary results show that increase spatial resolution 

increase identifiability (not a surprising result) but also that few pixels may be sufficient to identify the material 

composition if the spectro-temporal signature is rich enough.  

 
Keywords: Unresolved Space Object; Hyperspectral Unmixing; Spectro-temporal Signatures; Space Domain 

Awareness. 

 

1. INTRODUCTION  

United States is dependent economically and militarily on space assets  [1, 2]. Orbiting satellites provide a multitude 

of services, which are critical for US’s military dominance and economic wealth. Space domain awareness (SDA) is 

needed to have a clear picture of the environment surrounding US and allied space assets to detect any changes or 

potential threats. Remote sensing is a key technology for SDA. Remote sensing data for SDA comes primarily from 

radar and optical systems  [3]. Current ground-based space telescope technology cannot spatially resolve objects in 

space that are distant (e.g., GEO or XGEO) or that are small (e.g., CubeSats, Parasite Satellites). Radar is primarily 

used for observing targets in LEO while optical ground assets are used to assess the environment at higher orbits. 

 

Current state of the art in optical remote sensing for SDA uses photometric light curves, which show the intensity of 

light radiated by an URSO over time observed in a specific viewing geometry. Its temporal variability is due to the 

superposition of shape, attitude, motion, and material composition of an object under a specific viewing and 

illumination geometry  [4]. Multispectral observations (or color photometry) with defined standard sets of passbands 

provide multispectral light curve observations used for multispectral analysis  [5].  

 

Hyperspectral remote sensor such as SPICA [6]or SpeX [7] collect spectroscopic observations of space objects over 
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a specific period of time. As the object rotates or tumbles different faces of the unresolved space objects are in the 

field of view of the sensor. The signature on each pixel of the trace is a mixture of the signatures of the materials in 

the field of view of the sensor at that instant of time.   Spectral characterization of materials in space objects and 

hyperspectral remote sensing for SDA are further described in [8, 9, 10, 11, 12, 13, 14].  

 

The high spectral resolution of hyperspectral systems (HSI) may allow resolving unresolved space objects (URSO) 

spectrally even though they cannot be spatially resolved. Hyperspectral unmixing is a technique used to decompose 

mixed measured spectral signatures into the spectral signatures of constituent materials (called endmembers) and their 

abundances in the field of view of the sensor. It can potentially be used to extract quantitative material composition 

information about URSOs. In terrestrial applications of HSI, unmixing has been widely studied looking at images that 

contain spectral and spatial information of the object of interest [15, 16]. In the case of an URSO, however, there are 

few pixels in the image containing information about the space object so spatial domain information alone cannot be 

used for unmixing. However, the temporal information of how the measured spectral signature changes as a function 

of time may be explored to perform unmixing. Figure 1 illustrates the proposed concept. The hyperspectral sensor 

collects the object signature as a function of time (or spectro-temporal signature), which is used by an unmixing 

algorithm to extract the material composition of the URSO. The spectro-temporal signature is a vector-valued light 

curve richer in information than traditional light curves or multispectral light curves described previously. In general, 

the object spectro-temporal signature can be translated by exploitation algorithms into intelligence for SDA. 

 

 
Figure 1. Composition extraction for unresolved space object using hyperspectral unmixing. 

 

In traditional terrestrial applications, the endmember identifiability problem, that is the capability of being able to 

extract the true endmembers using unmixing from the available data, has been studied and can be quite challenging, 

when dealing with heavily mixed pixels [17, 18], which is the case of URSO as we studied in [19] and aggravated by 

lack of spatial information. In this paper, we continue the study of the hyperspectral unmixing problem using spectro-

temporal signatures and the effect of spatial resolution to study the identifiability problem in extracting material 

composition for URSO. 

 

The remainder of the paper is organized as follows. Section Ⅱ briefly introduces the simple simulation model which 

simulates a rotating satellite-like object made of different materials. Section Ⅲ is describes unmixing and presents 

unmixing results at different spatial resolutions. Section Ⅴ presents conclusion and final remarks.   
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2. METHODOLOGY 

2.1 Simple Simulation Model for Unresolved Space Object 

A simplified simulation scenario was proposed in [20] to generate spectro-temporal signatures to test and validate 

algorithms for unmixing analysis that can be applied to unmixing of URSO. The scenario consists of the video of a 

sphere made of patches of different materials rotating at a constant speed over a background. As the ball rotates, 

different facets of the ball appear in the field of view of the sensor. In [20], mixed signatures were generated by 

assigning a spectral signature to each color, assuming that each frame was a pixel, and computing the mixed signature 

using the linear mixing model where each color is associated to a spectral signature and its abundance is equal to the 

fraction of video frame pixels belonging to that color. The simulation limitations included a symmetric model and 

which led to a constant fraction of background pixels and we assume that one frame is equal to one pixel. In [20], we 

showed that the materials were not identifiable and that partial knowledge may slightly mitigate the identifiability 

problem. 

 

In this study, to be more realistic, we modeled an asymmetric satellite-like simulated object that rotates and tumbles 

over the background, as shown in Figure 2.  The satellite-like object will be the URSO and the background represents 

the open space. We can see that the amount of background area in the frame varies at different time frames. The 

spectro-temporal trace will be generated in a similar way as for the patched ball in [20]. Mixed signatures will be 

generated by assigning a spectral signature to each color, and computing the mixed signature using the linear mixing 

model where each color is associated to a spectral signature and its abundance corresponds to the fraction of video 

frame pixels belonging to that color. We will also study different spatial discretization of the video frame to simulate 

varying spatial resolution as one pixel per frame (same as [20]), a 22 grid (4 pixels per frame), and a 44 grid (16 

pixels per frame) as shown in Figure 3. 

 

                       
 

 
Figure 2. A satellite-like object with varying background area. 

 

                        
 

Figure 3. Spatial discretization of the video frame as one pixel per frame, a 22 grid (4 pixels per frame), and a 44 grid (16 pixels 

per frame). 
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Table 1. Abundance for each material at each video frame for the satellite-like object. 

 
 

 

              
 

               
  

Figure 4. Spectral endmembers used in the simulations [21]. 

 

2.2 Simulated Spectro-Temporal Hyperspectral Signatures 

Access to hyperspectral telescope data of unresolved object for this project has been challenging because it is not 

publicly available. The simulation model was created to provide some of the expected spectro-temporal variability of 

actual hyperspectral measurements to explore and validate the efficacy of unsupervised unmixing algorithms for this 

application with these simple scenarios. In this study, the satellite object is made of six materials. Signatures for the 

satellite materials and background (white) were obtained from the USGS spectral library [21] and were assigned to 

each color as follows: Melting Snow (white-background), Lime Stone (magenta), Titanium Dioxide (yellow), 

Aluminum Brushed (red), Marsh (cyan), and Quartz (black). The corresponding spectral signatures are shown in 

Figure 4. We did not used signatures of typical satellite materials but that is not critical for what we want to illustrate. 

A twelve frames video is generated for this experiment and are shown in the bottom of Figure 2. Table 1 shows the 

abundance for each material at each full frame. Each column in the table corresponds to the material abundances for 

Frame No. 

Material 
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a particular video frame. Each row presents the temporal variation of the abundance for a specific material, and the 

corresponding images on top shows the corresponding video frame. The number of bands for these spectral signatures 

used in this study is 2150.  

 

The video frame is spatially discretized as shown in Figure 3. For each spatial pixel, the corresponding mixed spectral 

signature at each time frame is generated by applying the linear mixing model where the abundance of the materials 

corresponds to the fraction of video pixels in the spatial pixel belonging to the color associated to the material. One 

mixed spectral signature is generated for each spatial pixel on each video frame. Figure 5 shows an example of the 

mixed spectro-temporal signature for the one pixel per frame case. We can think of the spectro-temporal signature as 

a vector-valued light curve.  As an alternate visualization, we can take a top view of Figure 5 which appears as a 2D 

image shown in Figure 6. 

 
 

Figure 5. Spectro-temporal signatures of the satellite-like object. 

 

 
 

Figure 6. 2D Visualization of the spectro-temporal signature. 

Copyright © 2021 Advanced Maui Optical and Space Surveillance Technologies Conference (AMOS) – www.amostech.com 



 

 
 

 

 

 

 

2.3 cNMF Unsupervised Unmixing Algorithm  

The spectro-temporal signatures of the spatial pixels will be organized into a matrix to take advantage of matrix-based 

algorithms for unmixing such as the cNMF [22] to perform unmixing. The measured spectro-temporal signature 

collected during an observation time interval can be organized in a matrix as follows: 

𝑿 = [𝑿1 𝑿2 ⋯ 𝑿𝑵] ∈ +
𝑚×𝑞𝑁

                                                                 (1) 

where 𝑿𝑖  refers to the collection of mixed signatures in the i-th frame,  m is the number of bands, N is the number of 

video frames, and q is the number of pixels per frame (1, 4, or 16). The collection of spectral signatures in the spectro-

temporal signatures of all the spatial pixels could be exploited by unmixing procedures to extract material composition 

information that can be used for object tracking and identification in SSA [19].   

 

In this matrix format, the linear mixing model takes the form of 

𝑿 = 𝑺𝑨 + 𝑾                        (2) 

where 𝑺 = [𝒔1 𝒔2
⋯ 𝒔𝑝] ∈ +

𝑚×𝑝
 is the matrix of spectral signatures of the URSO material (endmembers), 𝑨 ∈

+
𝑝×q𝑁

 is the matrix of abundances, 𝑝 is the number of endmembers, and 𝑾 ∈ +
𝑚×q𝑁

 is the noise matrix. Matrices 𝑨 

and 𝑾 are partitioned commensurate with (1). 

 

The constrained non-negative matrix factorization (cNMF) has been used for unsupervised unmixing of hyperspectral 

imagery [22]. The algorithm can be summarized as follows. Let 𝑿 ∈  ℛ+
𝑚×𝑁  be the matrix of image pixel spectral 

signatures like (2) or (3). The cNMF is computed by solving the following optimization problem:  

 

�̂�, �̂�  = arg min 
𝑺 ≥ 0,   𝐀 ≥ 0

𝐀T𝟏=𝟏

∥ 𝑿 − 𝑺𝑨 ∥𝐹
2                                                                              (3) 

where 𝐒 ∈  ℛ+
𝑀×𝑃  is the matrix of endmembers, and 𝐀 ∈ ℛ+

𝑃×q𝑁
 is the matrix of abundances, and 𝑝  is the pre-

determined number of endmembers. In the SSA domain, the availability of spectral libraries of materials such as those 

from the NASA spectral library [23] and of the space background provide spectral data that can be used as additional 

constraints in a cNMF-based unmixing. This is not addressed here. 

3. EXPERIMENTAL RESULTS 

We perform unsupervised unmixing using the cNMF in (3) implemented using an alternate least squares algorithm. 

Experimental results and comparisons are presented. A twelve frames video sequence of the rotating object is used in 

the simulation experiment. Each mixed signature was generated for each frame pixel using the linear mixing model 

as described previously. The cNMF retrieved endmembers are compared to the true endmembers (see Figure 4) using 

the Euclidean (5) and Cosine distances (6): 

 

𝑑𝐸𝑢𝑐𝑙𝑖𝑑𝑒𝑎𝑛 = ‖𝒔 − �̂�‖ = √∑ (𝑠𝑖 − �̂�𝑖)𝟐𝒎
𝒊=𝟏                                                                 (5) 

 

       d𝐶𝑜𝑠𝑖𝑛𝑒 = 1 −
|𝒔𝑇�̂�|

‖𝒔‖‖�̂�‖
= 1 −  

|∑ 𝑠𝑖∙�̂�𝑖 𝒎
𝒊=𝟏 |

√∑ 𝑠𝑖
𝟐𝒎

𝒊=𝟏  √∑ �̂�𝑖
𝟐𝒎

𝒊=𝟏

                                                           (6) 

where s represents the original endmembers, �̂� indicates the retrieved endmember. Retrieved endmembers are visually 

compared to true endmembers in Figure 7 and the corresponding Euclidean (𝑑1) and Cosine distance (𝑑2) are shown 

in Table 2. A not surprising result is that at the number of pixels per tile increases the retrieved signatures are closer 

to the true ones. With a single pixel per tile only the retrieved background (melting snow) resembles the true signature. 

With 22 grid (4 pixels per frame), background is much closer as well as lime stone, and aluminum brushed, and 

quartz. For the 44 grid (16 pixels per frame), most materials are very close with the exception of Marsh. Note that 

marsh corresponds to the core body of the space object. Further work is needed to understand how geometrical aspects 

may affect the identifiability of materials. 
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Figure 7. Comparison of endmember retrieved by multiple-tile partitioning: Left column: one pixel per frame;  

Middle column: 22 grid (4 pixels per frame); Right column: 44 grid (16 pixels per frame). 
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Table 2. Distance metrics to evaluate the multiple-tile partitioning. 

   Data from USGS Spectroscopy Lab 

Melting 

Snow 

Lime 

   Stone 

Titanium 

Dioxide 

Aluminum 

Brushed 

 

Marsh 

 

Quartz 

𝑑1 𝑑2 𝑑1 𝑑2 𝑑1 𝑑2 𝑑1 𝑑2 𝑑1 𝑑2 𝑑1 𝑑2 
1-tile 

 
5.3212 0.0293 7.1951 0.0429 4.6138 0.0109 5.7187 0.0305 6.1845 0.0780 17.6326 0.0183 

4-tile 

 
0.5402 0.00045 2.1452 0.0115 6.2727 0.0083 2.8618 0.0058 6.4197 0.0629 4.9827 0.0012 

16-tile 

 
0.0115 1.47e-7 0.0561 8.6e-6 0.3596 3.9e-5 0.0269 7.9e-7 2.2341 0.0118 0.0440 5.9e-7 

 

 

Figure 8 shows 3D scatter plot in principal component coordinates used to visualize the relation between spectro-

temporal signatures, retrieved endmembers and true endmembers. The scatter plot shows the mixed signatures as small 

blue dots, the retrieved endmembers as large red dots, and the true endmembers as large black dots.  Figure 8(a) shows 

the case of one pixel per frame. Clearly the spectro-temporal signature does not fully expand the simplex generated 

by the true endmembers so the algorithms is not able to retrieve them. As the spatial resolution increases the spectro-

temporal signatures fill the simplex more Figures 8(b)-(c) resulting in improved retrievals. Note that the cNMF as an 

unsupervised algorithm produces endmembers whose simplex encloses the data which is what the algorithms is 

designed for but is limited by the information contained in the data. This is also reflected in the results shown in Figure 

7 and Table 2.  

 

The total abundance for each frame (regardless of the spatial partitioning) are shown in Tables 3-5. The RMSE 

difference between the true and estimated abundances is included in each Table caption. Comparing them with the 

ground truth in Table 1 it is clear that better abundance estimates are obtained when the endmembers are closer to the 

actual endmembers. This is not a surprising result. 

4. CONCLUSIONS 

An asymmetric satellite-like object was simulated to investigate the identifiability of material composition of 

unresolved space object using hyperspectral unmixing. Unmixing algorithms were applied to the simulated spectro-

temporal signatures of a rotating satellite like object. A data-driven unmixing algorithms based on the constrained 

non-negative factorization (cNMF) may confront challenges is endmember extraction because of lack of identifiability 

from the measured spectro-temporal signatures. Experimental results showed that higher spatial resolution, more 

meaningful spectral endmembers can be extracted. Extracted endmember were closer both in shape (cosine distance) 

and magnitude (Euclidean distance) as the number of pixels per frame increased. Better endmembers also resulted in 

better abundance estimates. Interestingly that although all endmember retrievals improved with improved resolution 

the improvement was not uniform. The endmember associated with the body of the satellite had the highest errors 

even in the 16 pixels per frame case. This suggest that geometry may play a role in the identifiability of materials for 

URSO. Future work is looking at developing more realistic simulation scenarios to continue testing and validation of 

the approach. However, the simple model help to start gaining insight into how hyperspectral technique from terrestrial 

application may extend to hyperspectral remote sensing for SDA.  
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(c) 

 
Figure 8. Visualization of mixed pixels, endmembers, and cNMF retrieved endmembers in 3 principal components coordinates: (a) 

one pixel per frame, (b) 22 grid (4 pixels per frame), (c) 44 grid (16 pixels per frame). Mixed signatures as small blue dots, the 

retrieved endmembers as large red dots, and the true endmembers as large black dots.  
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Table 3. Abundance estimated by the cNMF algorithm with 1 pixel per tile (RMSE=0.3985). 

 
 

Table 4. Abundance estimated by the cNMF algorithm with 4 pixels per tile (RMSE=0.1683). 

 
 

Table 5. Abundance estimated by the cNMF algorithm with 16 pixel per tile (RMSE=0.1303). 

 
 

 

  

Frame No. 

Material 

Frame No. 

Material 

Frame No. 

Material 
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