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Abstract. A series of trade studies was carried out using the Digital Imaging and Remote 
Sensing Image Generation (DIRSIG) model to assess how varying the spectral signal-to-noise 
ratio (SNR), spectral ground sample distance (GSD), or target spectrum affected the impact of 
spectral and polarimetric data fusion via the spectral polarimetric integration (SPI) algorithm 
for a notional multimodal sensor. When varying the SNR, the impact depended on the 
constraints placed on the sensor’s tasking. When spectral GSD was varied, the benefit of 
incorporating polarimetric information increased as the GSD increased. However, a threshold 
GSD was identified beyond which no benefit was observed. Reducing the target/background 
spectral contrast by changing the target spectrum from a red vehicle to a green vehicle 
produced variations in the impact due to fusion, although the SPI algorithm produced a 
general increase in performance in both cases. The trade studies demonstrated that 
incorporating additional polarimetric information may enable suitable performance with a less 
capable multispectral sensor.  Finally, the SPI decision fusion algorithm was shown to be 
robust across a range of scenarios possibly encountered in the multimodal sensor design 
process.  

Keywords:  multimodal fusion, simulation, polarimetric sensing, target detection 

INTRODUCTION

One common approach to building new sensor systems is to recognize the reality of fiscal 
constraints and view cost as an independent variable [1]. From this point of view, cost is 
treated as equally important as performance and schedule in program decisions. A primary 
technique employed by these programs is to perform trade-off studies analyzing the 
performance of a variety of different sensor configurations that might fit the need. 

In an effort to overcome the limitations of one particular sensing modality, complementary 
data sets can be combined, or fused, to provide additional insight about a particular scene. 
Fusing one hyperspectral data set with others obtained at different wavelengths or different 
times has been shown to improve classification performance [2,3]. Data fusion has also been 
applied to exploit different sensor modalities, ranging from LIDAR and SAR to high-
resolution panchromatic sensors, hyperspectral sensors and polarimetric sensors [4-9].  
Applications of these fusion efforts have varied from land cover classification [5,6] and 
surface thermal property extraction [7] to anomaly and target detection [4,8].  

Recent work has demonstrated a process for assessing the impact of fusing spectral data 
with polarimetric information for an urban target detection application under a variety of 
different sun-target-sensor geometries [10]. First, the Digital Imaging and Remote Sensing 
Image Generation (DIRSIG) model developed by the Rochester Institute of Technology was 
used to create a radiometrically accurate image of a synthetic urban scene for both spectral 
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and polarimetric analysis, and the synthetic scene was validated quantitatively and 
qualitatively to ensure enough background clutter was present. Then, the utility of 
polarimetric information was shown to be dependent on the sun-target-sensor geometry, and 
data fusion was shown to be a way to enhance spectral target detection when the sensor was 
located in the sun’s specular reflection lobe. The novel spectral polarimetric integration (SPI) 
fusion algorithm leveraged both the constrained energy minimization (CEM) algorithm and 
the topological anomaly detection (TAD) algorithm to fuse the data at the decision level by 
weighting both how anomalous and how target-like a pixel appears, as shown in Eq. 1 [10-12] 
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where the score for any pixel x is based on a combination of the CEM score derived from the 
pixel’s vector of spectral information x and the TAD score derived from xS, the pixel’s 
polarimetric information expressed as a vector of the Stokes parameters S1 and S2 [13]. 

The CEM algorithm is a representative standard spectral target detection algorithm—a 
modified spectral matched filter algorithm such that the output is scaled to a target abundance 
value between zero and one, as shown in Eq. (2) [11] 
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where t is the target vector, x is the sample vector and m and S are the background mean 
vector and covariance matrix, which are created from global values drawn from across the 
entire scene.  Each pixel in the image is analyzed, and the pixel is designated a target if the 
CEM score is above some user defined threshold.  

Separately, the TAD algorithm has achieved a reasonable degree of success when applied 
to both hyperspectral and polarimetric data [12,14]. In particular, the TAD algorithm has been 
shown to outperform the well-known RX anomaly detection algorithm when applied to 
polarimetric data [12]. The TAD algorithm models the background as a set of connected 
components of a graph, imposing a topological assumption on the data without requiring any 
assumptions on the geometry, linearity, or statistical distribution of the data [14]. A graph is 
constructed by linking the closest 10% of pairs of points, exploiting the idea that anomalous 
pixels are unlikely to have nearby neighbors.  The largest groups of points are then designated 
as background as shown in Fig. 1. Each pixel is measured against the identified background 
pixels via the codensity metric, �k, which represents the radius of the smallest sphere 
enclosing k neighbors. Finally, the TAD ranking of each pixel in the image is equal to the sum 
of the distances to the 3rd, 4th, and 5th nearest neighbors in the background pixels, as shown by 
Eq. (3) [14]: 
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The TAD rankings result in level sets of arbitrary topology, allowing detection of pixels in the 
holes of the convex hull of the background.  In this work, the TAD algorithm was used to find 
anomalous pixels by analyzing the S1 and S2 components of each pixel’s Stokes vector as 
derived from a panchromatic polarimetric sensor.   
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Fig. 1. The TAD algorithm operating on data notionally distributed in two dimensions. The closest pairs 
of points are deemed background and linked by dotted lines, with different colors implying different 
classes. Pixels linked to their nearest neighbor by longer solid lines are likely anomalous.  Image 
courtesy of Basener and Messinger (2009). 

 
The DIRSIG software is a first-principles based ray tracing model used to create sample 

data to test image system designs, evaluate target detection algorithms and train image 
analysts [15]. Further, it provides the flexibility to model a scene under a variety of 
conditions, as observed by a variety of different sensors. Rays are cast out from each pixel on 
the focal plane to determine what that pixel sees and what the sources of radiance are for the 
area observed. Each pixel is oversampled, with the spectral results combined via spatial and 
spectral convolution. In this fashion, the model is capable of producing hyperspectral imagery 
from the visible through the thermal infrared (0.4 – 20 �m) and can correctly model 
interactions for different polarizations of incoming light. The MODTRAN4v2r1-P model is 
incorporated into DIRSIG to accurately account for polarimetric atmospheric effects.  

As shown in Fig. 2, a wide area synthetic scene dubbed Megascene 1 was constructed in 
DIRSIG to mimic an area on the northeast side of Rochester, NY, for use in hyperspectral 
image analysis [15]. The area of interest has a combination of urban and suburban residential, 
industrial and forested areas, with detailed models of houses, trees and vehicles.  

 

 
Fig. 2.  DIRSIG can be used to create a variety of synthetic images showing the same scene at different 
times of day or as viewed from different perspectives.  These both represent sample images acquired by 
a detector-limited sensor with a ground sample distance (GSD) of 0.5 m at nadir. 
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Previous efforts have demonstrated the ability to incorporate polarized BRDFs, polarized 
atmospheric models, and polarization-sensitive sensor models in DIRSIG [13,16]. Megascene 
1 has since been updated by attributing each material in the scene with measured polarimetric 
properties to create a polarized BRDF based either on the Shell or Priest-Germer pBRDF 
models [17,18]. Fig. 3 shows a portion of Megascene 1 as viewed through ideal panchromatic 
linear polarizers oriented at 0° or 90°. Pixel-to-pixel variability within material classes was 
increased through spectral texturing [15], which also impacted the diffuse reflectance term 
used to calculate the pBRDF. 
 

 
Fig. 3.  DIRSIG can also be used to render the same scene as viewed through differently oriented 
panchromatic ideal linear polarizers, in this case fixed at either 0° (left) or 90° (right).  The vehicles 
inside the red boxed area demonstrate the effect of the polarizing filters.  With the right filter 
orientations, the data from a sequence of images like these can then be combined to create a Stokes 
vector for each pixel [11]. 

 
The ground sample distance (GSD), signal-to-noise ratio (SNR) and spectral resolution of 

the sensor are all factors that might affect the performance of the SPI fusion algorithm, and 
these can easily be varied via simulation to conduct performance trade-offs. Further, it is 
expected that changing the target spectrum will affect performance, so the authors also seek to 
assess how robust the SPI algorithm is across multiple targets. These studies are presented to 
demonstrate how DIRSIG simulations allow a design team to isolate the impact of varying 
one particular parameter of interest in a series of trade-off studies, serving as an integral step 
in considering cost as an independent variable in the sensor acquisition process.  

METHOD
Recent work with the SPI algorithm involved a target detection scenario in a synthetic urban 
environment rendered with the DIRSIG model, where several instances of a red station wagon 
target vehicle were hidden amidst a crowded urban background in the synthetic scene [10]. 
The sensor-reaching radiance was then altered by applying randomly generated zero-mean 
Gaussian noise to each band of the noise-free DIRSIG image to achieve a notional detector-
limited sensor SNR. 

The scene clutter was validated spectrally by comparing the signal-to-clutter ratio (SCR) 
for the synthetic scene to the SCR obtained from COMPASS imagery, with the synthetic 
scene appearing slightly more cluttered than a similar real image [19-21]. However, due to a 
shortage of polarimetric data on a similar image scale, the synthetic scene was evaluated 
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qualitatively by determining which materials made up the top 0.5% most anomalous pixels. A 
variety of natural and man-made objects, as well as pixels containing the target vehicle, were 
flagged as anomalous, ensuring sufficient polarimetric clutter was present in the scene [10].  

Once the scene parameters were set, the multispectral and polarimetric sensors of interest 
were designed. Both sensing modalities were located on the same platform and for these 
simulations their outputs were perfectly registered to each other. The multispectral sensor 
employed in this study spanned eight uniform spectral response bands that roughly 
corresponded to DigitalGlobe’s WorldView-2 satellite, as shown in Table 1, but was 
evaluated with a range of nadir GSDs [22].  

Table 1.  The multispectral sensor used in this project was modeled with eight spectral bands.  Each 
band had a uniform response function in the region of interest, and the spectral bandpasses roughly 
match Worldview-2. 

Band Name Spectral Bandpass (nm) 
Coastal 400 – 450 

Blue 450 – 530 
Green 520 – 610 

Yellow 585 – 625 
Red 640 – 690 

Red Edge 705 – 745 
NIR 770 – 880 

NIR 2 860 – 1040 
 

In contrast, the polarimetric imager used in this study had a fixed nadir GSD of 0.5 m and a 
uniform spectral response from 0.4 �m – 0.7 �m.  Images of the scene were recorded through 
a set of four ideal linear polarimetric filters oriented at 0°, 45°, 90° and -45°, then the 
polarimetric Stokes vectors were calculated (neglecting circular polarization) via the modified 
Pickering method [11]. 

Measure of merit 
This work sought to identify viewing geometries where incorporating polarimetric 
information improved spectral target detection performance, reusing much of the synthetic 
imagery and a measure of merit from recent work with the SPI algorithm [10]. The trade 
space was constrained to sensor azimuth angles (relative to the sun) ranging from 160° to 
200° in 5° increments to examine predicted favorable polarimetric viewing geometries [11]. 
The sensor zenith angle was also varied from 10° to 70° for each azimuth angle while holding 
the sensor altitude constant at 7500 m above ground level. Finally, an image was rendered 
with the sensor viewing at nadir, which served as a basis to compare all the off-nadir images.  
Each set of sensor viewing geometries was then evaluated at four different times of day, 
where the solar zenith angles corresponded to sun locations for the modeled region of 
Rochester, NY on 23 June 1992 at times of 0700 (66°), 0800 (55°), 1000 (34°) and 1200 
(20°).  

A receiver operating characteristic (ROC) curve is a plot of detection rate as a function of 
false alarm rate for a particular scenario, and better performance produces more area under the 
curve. Since a random noise field was added to each image prior to analysis, the potential for 
noise to skew the results had to be addressed. Each image was analyzed multiple times with 
the same target detection algorithm, but with a different random noise field applied, and the 
area under the ROC curve was integrated to some user defined false alarm rate (FAR), set to 
0.001 for this work. The standard deviation of the ROC curve area values was calculated after 
each iteration (i.e. for a different seed in the random number generator) and once the standard 
deviation of the ROC curve areas changed by less than 3%, the median ROC curve area was 
identified as the desired value.  
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Fig. 4 illustrates the parameters used to develop the measure of merit. The ROC curves 
calculated for the fusion (Eq. 1) and CEM spectral only (Eq. 2) algorithms in an off-nadir 
viewing geometry were compared to the CEM spectral only algorithm when viewing at nadir. 
A success occurred when the area under the off-nadir fusion ROC curve was greater than the 
area under the nadir CEM ROC curve. This definition of success ensured that off-nadir 
spectral/polarimetric imaging would benefit a user—otherwise, the authors expect users 
would forego the extra costs associated with a multimodal sensor and simply employ single 
mode spectral imaging at nadir. When this condition was met, the next step was to compare 
the area under the off-nadir fusion ROC curve to the area under the off-nadir CEM ROC 
curve. This comparison ensured that incorporating a polarimetric imaging capability did not 
hamper performance. Framing the comparison as a percent increase quantified the impact of 
polarimetric information on performance. After each viewing geometry was analyzed with the 
measure of merit described above, the average percent improvement was calculated across all 
the tested relative sensor azimuth angles (160° - 200°) for a particular sensor zenith angle. 

 
Fig. 4.  Both off-nadir and nadir viewing geometries were considered. (Left) For the off-nadir case, ROC 
curves (black) were calculated for the CEM (solid line) and SPI (dotted line) algorithms. (Right) For the 
nadir case, a ROC curve (red) was calculated for the CEM algorithm.  Image drawn from Flusche et al. 
(2010). 

Varying SNR 
Although previous work with the SPI algorithm quantified the often positive impact of 
additional polarimetric information, the spectral and polarimetric SNR values in that scenario 
were both fixed at 200 [10].  However, the value of additional polarimetric information is 
expected to vary for different spectral SNR values. For example, the authors hypothesized that 
for poorer initial spectral detection estimates, the impact of additional polarimetric 
information may grow. The Hyperion SNR for a 30% reflector depends on the spectral region 
of interest:  140-190 in the VNIR, 96 near the center of the SWIR (~1225 nm), but only 38 
near the long edge of the SWIR [23]. Additionally, an SNR around 150 was calculated for a 
50% reflector as imaged through NASA’s AVIRIS system [24]. An SNR of 200 for the mean 
scene signal level was therefore chosen to represent the best-case spectral SNR in this study, 
while lower spectral SNR values of 100, 80 and 50 were also examined. Meanwhile, if the 
sensor GSD were decreased, the SNR would decrease—but if the incoming signal were split 
into fewer bands, the SNR would increase. Therefore, for this study, the polarimetric SNR 
value was held constant at 200 for all cases and ideal linear polarizers were assumed. For 
future use, the polarizer efficiency could be customized to represent any particular system of 
interest. To isolate the impact of varying SNR, the sensor nadir GSD values in this study were 
fixed at 3 m for the multispectral sensor (yielding values ranging from 3.1 m to 25.6 m for the 
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off-nadir views) and 0.5 m for the polarimetric sensor (yielding values ranging from 0.51 m to 
4.3 m for the off-nadir views). 

Varying spectral GSD 
Besides the system SNR, another factor that should impact performance is the GSD. A variety 
of viewing geometries were identified in previous work where incorporating polarimetric 
information with spectral information would enhance performance, but the impact was only 
quantified for a single GSD value [10]. Specifically, the scenario with a solar zenith angle of 
34°, a sensor zenith angle of 30° and a relative azimuth angle of 190° was identified as one of 
the most promising viewing geometries for spectral and polarimetric fusion via the SPI 
algorithm. Therefore, an experiment was conducted via simulation to analyze that scenario 
repeatedly while varying the spectral nadir GSD from 0.5 m to 12 m but holding the 
polarimetric nadir GSD constant at 0.5 m. With these values, the quality of the spectral data 
ranged from several pure pixels on target to mixed pixels to significantly sub-pixel targets. At 
each GSD value, the areas under the off-nadir CEM and off-nadir SPI ROC curves were 
calculated. 

Varying the target spectrum 
A final variable that could significantly affect the fusion results is the target spectrum, since it 
serves as a key input to the CEM algorithm—and thus the SPI algorithm. All inputs were 
known exactly with the synthetic DIRSIG imagery, so it was a straightforward process to flag 
green station wagons in the scene as the target vehicle instead of the original red station 
wagon. To isolate the spectral effects, the two vehicles were attributed with the same 
polarimetric BRDF model—meaning the specular (Fresnel) components were the same but 
the diffuse component varied with the spectral shape of each target. Since the polarization of 
any diffusely reflected radiance transmitting through the first surface interface has been 
shown to be significant only for very bright painted surfaces [25]—not representative of our 
target vehicles—ignoring these interactions in the DIRSIG model should not impact the 
results. The band-averaged spectral reflectivities of the two targets are plotted in Fig. 5 for 
comparison. 

 
Fig. 5.  The band-average reflectance values are indicated as x’s for both the red and green target as a 
function of wavelength.  The dashed lines connect the average value from the center of one band to the 
average value at the center of the next band to illustrate the trend. 
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The SCR metric shown in Eq. 4 was used to quantify how spectrally or polarimetrically 
different each of the two vehicles was from the cluttered background [21] 
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where t represents the target signature vector, m represents the background mean vector, and 
S represents the image covariance matrix.  A polarimetric nadir GSD of 0.5 m was used, 
while the nadir multispectral GSD was fixed at 2 m. Further, both the spectral and 
polarimetric SNR values were fixed at 200. Each of the viewing geometries described above 
was then re-examined while searching for the green target vehicle. 

RESULTS 
When the fusion impact was assessed for the four different spectral SNR levels, two distinct 
trends emerged depending on the flexibility available to task the sensor. First, in the scenario 
where a multispectral nadir image could not be acquired, then the off-nadir SPI performance 
is compared to the off-nadir CEM performance. Fig. 6 shows that as the spectral SNR 
decreased, incorporating additional polarimetric information via the SPI algorithm was the 
most valuable for relatively oblique sensor zenith angles (40° - 60°) until the sensor zenith 
angle became so high that the effect of a large GSD degraded performance.  
 

 
Fig. 6.  The percent increase in area under the ROC curve when using the SPI fusion algorithm as 
opposed to the CEM spectral algorithm for a given off-nadir viewing geometry is shown as a function of 
sensor zenith angle for solar zenith angles of 20° (green), 34° (red), 55° (blue) and 66° (black).  The 
spectral SNR was set to 200 (top left), 100 (top right), 80 (bottom left) or 50 (bottom right). 
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Journal of Applied Remote Sensing, Vol. 4, 043562 (2010)                                                                                                                                    Page 8

Downloaded from SPIE Digital Library on 16 Dec 2010 to 129.21.11.151. Terms of Use:  http://spiedl.org/terms



Further, this performance impact was only observed for two of the four tested solar zenith 
angles (34° and 55°).  When the sun was low in the sky (66° zenith angle), much of the scene 
was in shadow and the polarimetric information provided little—if any—benefit.  Conversely, 
when the sun was high in the sky (20° zenith angle), the benefit due to incorporating 
polarimetric information did not depend on spectral SNR. The second scenario assumed that a 
multispectral nadir image could be acquired, and thus sought to determine whether the off-
nadir SPI performance was superior to the nadir CEM performance for the same solar zenith 
angle. Fig. 7 shows that as the spectral SNR decreased, incorporating additional polarimetric 
information via the SPI algorithm enhanced performance for moderately oblique sensor zenith 
angles (20° - 50°), with the most impact occurring when the sun was also at a moderately 
oblique zenith angle (34° or 55°). These two scenarios demonstrated that the viewing 
geometry where spectral and polarimetric data fusion provided the most impact depended on 
the options available for tasking the multimodal sensor. However, fusing the data via the SPI 
algorithm provided a benefit in both scenarios and further demonstrated the versatility of this 
simple decision fusion algorithm. 
 

 
Fig. 7.  The percent increase in area under the ROC curve when using the SPI algorithm off-nadir as 
opposed to the CEM algorithm at nadir is shown as a function of sensor zenith angle for solar zenith 
angles of 20° (green), 34° (red), 55° (blue) and 66° (black).  The spectral SNR was set to 200 (top left), 
100 (top right), 80 (bottom left) or 50 (bottom right). 
 

When the impact of varying spectral GSD for a particular off-nadir viewing geometry was 
assessed by examining Fig. 8, several key trends emerged. First, at small GSD values, the 
CEM algorithm performed at least as well as, if not better, than the SPI fusion algorithm—
demonstrating that even for good polarimetric sensing viewing geometries, the extra 
information from polarimetry doesn’t always add value for target detection. Second, although 
the areas under the CEM and SPI ROC curves both decreased as the spectral GSD increased, 
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SNR�=�80 SNR�=�50
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the difference between the area values grew larger. This behavior meant that as the spectral 
information became less precise, the relative value of polarimetric information increased 
dramatically. Finally, as the spectral GSD became especially large, the CEM and SPI 
algorithms failed differently. The CEM algorithm completely lost the ability to discern 
targets, while the SPI algorithm performance approached the performance obtained by simply 
using TAD as a target detection algorithm on the polarimetric data. Although the spectral 
GSD where this occurred was quite large for a target detection algorithm, one could envision 
similar results obtained with a smaller GSD but a much less conspicuous target. This trend 
demonstrates the power of multimodal fusion via the SPI algorithm to find targets that would 
never be identified with spectral information alone.   

 

 
Fig. 8.  The area under the ROC curves generated by the off-nadir CEM (spectral data only—solid red 
line), SPI (spectral and polarimetric data—dotted red line) and TAD (polarimetric data only—dashed 
black line) algorithms was calculated for a range of spectral GSD values with the polarimetric GSD held 
constant at 0.5 m. 
 

When the effect of changing the target spectrum was assessed, valuable insight was gained 
by first calculating the SCR values for both target spectra at a nadir spectral GSD of 2 m and a 
nadir polarimetric GSD of 0.5 m. Fig. 9 shows the SCR values for both the red and green 
target vehicles, based on both the spectral reflectance values and the polarimetric TAD scores 
derived from the scene. The polarimetric SCR values were quite similar for both vehicles, but 
the spectral SCR values for the green vehicle were about half of those for the red vehicle—
meaning it was significantly harder to find the green vehicle with the CEM algorithm. 
Further, the peak polarimetric SCR values in Fig. 9 occurred at different sensor zenith angles 
for different solar zenith angles. Not surprisingly, the target vehicles appeared most 
polarimetrically anomalous when the sensor was positioned near the sun’s specular reflection, 
reaffirming the trend identified in previous work with the SPI algorithm [10]. Additionally, 
the differences in magnitude between the peak polarimetric SCR values at each solar zenith 
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location suggest that incorporating polarimetric information may provide the most benefit at a 
solar zenith angle of 34° or 55°. 
 

 
Fig. 9.  The SCR for the red and green target vehicles were calculated as a function of sensor zenith 
angle for a fixed sensor azimuth angle of 190° and four solar zenith angles:  66° (top left), 55° (top 
right), 34° (bottom left) and 20° (bottom right).  The SCR was derived from either the spectral 
reflectance values (solid lines) or polarimetric TAD scores (dashed lines). 
 

The SPI algorithm continued to enhance performance for both target vehicles by 
incorporating additional polarimetric information, although the performance impacts were not 
identical. Several trends were identified. First, Fig. 10 demonstrates that a greater relative 
impact was observed when seeking the green target vehicle. However, fusion did not appear 
to improve performance for a solar zenith angle of 20° when seeking the green target. Recall 
that an improvement was only reported if the off-nadir SPI algorithm outperformed both the 
off-nadir CEM and nadir CEM algorithms—at a solar zenith angle of 20°, the off-nadir fusion 
performance was poorer than simply using the nadir CEM algorithm.  Second, with the 
spectrally easier to find red vehicle, the SPI algorithm provided a relatively constant modest 
boost in performance off-nadir up to a sensor zenith angle of 50° as long as the scene was 
well lit (solar zenith angles = 20°, 34° or 55°). In contrast, for the green target, the SPI 
algorithm provided a dramatic impact at most sensor zenith angles with a solar zenith angle of 
34°, but as the sun moved lower in the sky (solar zenith = 55° or 66°), the percent 
improvement peaked at more oblique sensor zenith angles (until GSD effects dominated). 

Solar zenith = 66� Solar zenith = 55�

Solar zenith = 34� Solar zenith = 20�

Journal of Applied Remote Sensing, Vol. 4, 043562 (2010)                                                                                                                                    Page 11

Downloaded from SPIE Digital Library on 16 Dec 2010 to 129.21.11.151. Terms of Use:  http://spiedl.org/terms



 

 
Fig. 10.  The percent increase in area under the ROC curve for the red target (left) and the green target 
(right) when using the SPI algorithm off-nadir as opposed to the CEM algorithm off-nadir is shown as a 
function of sensor zenith angle for solar zenith angles of 20° (green), 34° (red), 55° (blue) and 66° 
(black).  The spectral and polarimetric SNR values were set to 200. 
 
Finally, the poorest viewing geometries varied depending on the target’s spectral 
characteristics. The SPI algorithm produced no improvement with the red target when the sun 
was low in the sky (66°), but aided in detecting the green target at the same solar zenith angle. 
Conversely, the SPI algorithm produced no improvement with the green target when the sun 
was high in the sky (20°), but aided in detecting the red target at the same solar zenith angle. 
Therefore, although the SPI algorithm is a powerful tool, the target characteristics can 
significantly influence overall system performance—therefore the trade study scenario should 
be modeled as similar to the envisioned application (i.e. targets and backgrounds) as possible. 

CONCLUSION 
A trade study was carried out via DIRSIG simulation to assess how varying the spectral SNR, 
spectral GSD, or target spectrum affected the impact of spectral and polarimetric data fusion 
on a notional multimodal sensor via the SPI algorithm. When varying the SNR, the impact 
depended on the constraints placed on the sensor’s tasking. When forced to image off-nadir, 
incorporating additional polarimetric information via the SPI algorithm was the most valuable 
for highly oblique sensor zenith angles (40° - 60°). However, when free to image at nadir if 
desired, incorporating additional polarimetric information via the SPI algorithm enhanced 
performance for moderately oblique sensor zenith angles (20° - 50°).   

When GSD was varied, polarimetric information helped in some cases but not others. At 
small GSD values, the CEM spectral algorithm performed at least as well as, if not better, 
than the SPI fusion algorithm, but as the spectral GSD increased, the polarimetric information 
became more valuable. As the spectral GSD became especially large, the CEM algorithm 
failed to find any targets while the SPI algorithm did, reflecting a seamless transition from 
multimodal fusion to polarimetric target detection.  

Changing the target spectrum from a red vehicle to a green vehicle, reducing spectral 
contrast, produced variations in the impact due to fusion. When the spectral SCR decreased, 
incorporating additional polarimetric information became even more valuable at more oblique 
solar zenith angles. Although the SPI algorithm produced a general increase in performance in 
both cases, correctly modeling the most likely target(s) for any future multimodal system was 
shown to be an integral part of an accurate design trade-off study.  

Red Target Green Target
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In summary, the SNR, GSD and target spectrum trade studies confirmed that as the initial 
spectral information became less precise, incorporating additional polarimetric information 
produced a more significant impact on performance.  Therefore, fusing polarimetric data with 
lower quality multispectral data may provide an alternative to constructing a higher quality 
multispectral sensor for urban target detection scenarios. Additionally, the SPI decision fusion 
algorithm was shown to be robust across a number of variations possibly encountered in the 
multimodal sensor design process. Finally, the results highlight the importance of including 
simulation efforts in the sensor design process. By exploiting DIRSIG’s capabilities, a team 
can accurately model a variety of complex scene, target and sensor characteristics—hopefully 
identifying system limitations early in the design stages rather than during hardware testing or 
operational missions. 
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