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Motivation 
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•  Recent advances in video capture technology are leading 
to increasing interest in multispectral video analytics 
–  Exploit increasing spectral resolution and spectral diversity 

•  Multispectral video processing involves novel trade-offs 
among system design complexities 
–  Spectral resolution, equipment cost, computational efficiency 

•  Application of DDDAS paradigm  
–  Apply performance data that is collected through execution 

time instrumentation 
–  Model video processing trade-offs across algorithmic and 

implementation aspects 
–  Adapt system configurations for multispectral processing 



Background 
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•   Multispectral imaging provides increased spectral 
discrimination compared to traditional imaging methods. 
 
•  Conventional approaches assume that all of the available 
bands are employed for video analytics tasks. 

•  When system accuracy is of greatest importance, use of all 
bands may be desirable ... 

•   … whereas in situations where resource constraints are 
critical (e.g., due to failures in certain subsystems or limited 
energy capacity), it may be most effective to select a proper 
subset of the available bands	



Related Work 
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 •  Analytics for hyperspectral imagery (e.g., see [Patrick 2008]). 
•  Benezeth et al. [Benezeth 2014] 

•  Demonstrated the application of multispectral video 
processing to detection of moving objects. 

•  Introduced a publicly available data set for experimenting 
with multispectral background subtraction techniques. 

•  Our work on LDspectral is different in: 
•  Its emphasis on integrating DDDAS methods into 

multispectral video processing,  
•  … especially, on supporting flexible optimization 

involving the subset of available multispectral bands that 
is processed, and the associated algorithm configurations/
dataflows. 

•  We leverage Benezeth’s data set in this work. 
 
 	



Problem Statement 
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•  In our targeted class of DDDAS-driven video processing 
systems,  the availability of multispectral data that comes from 
a set Z = {B1, B2, . . . , BN}, where N is the total number of 
available bands.   

•  We assume that we are given a constraint Cr (in units of time) 
on execution time performance for a particular video 
processing scenario.  

•  The run-time system for video processing is equipped with 
instrumentation for periodically determining the execution 
time performance of the current video processing 
configuration. 

•  This can be extended to handling of an energy consumption 
constraint Er. 

 



Problem Statement 
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•  Our problem is to select the set S ∈ 2Z  
(Z = {B1, B2, . . . , BN}) of spectral bands to store and 
process,  

•  … and the associated algorithm/dataflow parameters to 
process this selected subset of bands. 

•  The target is to maximize video analysis accuracy subject 
to the execution time constraint Cr (energy consumption 
constraint Er). 

•  The objective is to enable optimized, dynamic processing 
across the available bands based on constraints imposed 
by the given operational scenario, and instrumentation 
data collected from the embedded platform.	



LD Spectral 
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•  LD Spectral à Software tool for model-based system 
design, prototyping, and optimization of data-driven, 
multispectral video processing systems. 

•  “LD” à Lightweight Dataflow 
–  Compact set of application programming interfaces for model-

based system design using dataflow techniques. 
–  Retargetable to arbitrary simulation-/platform-oriented languages. 

•  Addresses novel video processing design spaces 
introduced by multispectral image acquisition. 

•  Enables efficient experimentation with and data-driven 
optimization of video processing configurations for 
multispectral video analytics. 

•  We demonstrate LD Spectral with a case study involving 
background subtraction. 
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Second Version System (In Progress) 
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Dataflow Models and Algorithms 

10 

•  Dataflow-based application modeling techniques 
–  Synchronous dataflow [Lee 1987] 
–  Parameterized dataflow [Bhattacharya 2001] 
–  Boolean parametric dataflow [Bebelis 2013] 

•  Verification 
–  Bounded memory determination 
–  Deadlock detection 

•  Scheduling 
–  Loop scheduling 
–  Vectorization 
–  Partitioning for heterogeneous multiprocessors 

•  Applicability to many design environments for embedded 
control, signal, and information processing 



LIDE/OpenCV Integration 
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OpenCV (e.g., see [Pulli 2012]) 
•  Provides a large library of software components for video processing. 
•  Specialized capabilities that are complementary to the capabilities of LIDE 

for model-based design and implementation. 
•  Runs on a variety of platforms, including Desktop: Windows, Linux; and 

Mobile: Android, iOS. 
LIDE/OpenCV Integration 
•  LIDE = LIghtweight Dataflow Environment à model-based tool for 

embedded software design and implementation (e.g., see [Sudusinghe 
2013]). 

•  Actors (software components) in LIDE incorporate calls to relevant 
OpenCV functions to perform selected image processing operations. 

•  This creates an efficient means for integrating model-based system design 
techniques with the large library of image/video processing 
implementations in OpenCV. 

 



BSP Subsystems 
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•  The Background Subtraction actor computes an initial 
background subtraction result 
•  The core operation applied by this actor is carried out by the 

OpenCV function called  BackgroundSubtractorMOG2. 
•  Applies a Gaussian mixture model (GMM). 

•  The Foreground Filter actor is designed to remove noise 
from the output of the Background Subtraction actor. 
•  Applies two morphological operations — erosion and dilation — 

through their implementations in OpenCV. 
•  The Foreground Binarization actor takes the output of the 

foreground filter, and converts it into a binary form 
•  ... where each pixel is classified as being either a foreground or 

background pixel.  
•  Applies a threshold that is determined empirically (off-line) to 

optimize classification accuracy. 

 
 
 
 
 
	



BSP Subsystems for Fusion across Bands 
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•  LDspectral provides configurations for Pixel Level 
Fusion (PLF) and Feature Level Fusion (FLF) 

•  PLF is applied to the input image before applying 
Background subtraction,   

•  … while FLF is applied to preliminary foreground 
features. 
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Nonuniform Pixel Level Fusion (PLF) 
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Greedy Selection of Band Subset Sequences 
(Algorithm Sketch) 
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Greedy Selection of Band Subset Seq. 



Feature-Level Fusion (FLF) 
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Following [Benezeth 2014], we apply a pooling strategy for FLF: 

 
 
 
•  … where ρ is the definition of majority (threshold), 
•  ρ ranges from 1 (OR) to the number of bands (AND) 
•  s is the pixel index, 
•  t is the frame index, 
•  i is the band index. 
 
The result X predicts whether a given pixel is foreground (1) or 
background (0). 



Experiments: Video Acquisition System 
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•  Multispectral video sequences for our experiments were obtained 
from a multi-spectral dataset introduced by [Benezeth 2014]. 

•  From a commercial camera: FluxData, Inc. FD-1665-MS. 

•  The data set incorporates 7 bands in total 
•  6 unique spectral channels in the visible spectrum, between 

400nm-700nm: band1 to band6 
 

•  One near-infrared channel: band7, which is in the range of 
700nm-1000nm. 
 

•  Use of this data in our experiments: 
•  2/3 for training 
•  1/3 for testing	



Experimental Results 
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An example of a single multispectral video frame; the derived foreground 
results for individual bands (from band1 to band7); and the fused result.	

Fused Result 



Execution Time Comparison for FLF vs. PLF 
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The average execution time (milliseconds/frame) for FLF and PLF 
 (averaged over 10 iterations through the training data for each band-subset)	

1	 2	 3	 4	 5	 6	 7	
PLF	 31.1	 34.9	 38.8	 43.0	 47.5	 51.6	 55.4	
FLF	 31.1	 52.7	 81.3	 93.7	 101.8	 121.0	 138.5	

•  Columns à number of bands 
•  Rows à fusion mode 

•  The execution time values shown are for the entire 
band subset processing (BSP) dataflow graphs 



Accuracy Evaluation 
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Accuracy Performance with 2-band Subsets 
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band 1 2 3 4 5 6 7 

1 0.934 0.942 0.944 0.945 0.947 0.946 0.933 

2 0.931 0.942 0.937 0.942 0.937 0.930 

3 0.939 0.939 0.943 0.940 0.939 

4 0.929 0.940 0.932 0.930 

5 0.942 0.938 0.937 

6 0.919 0.925 

7 0.843 

•  The optimized F_measure value for different 1-band (diagonal elements)  
and 2-band subsets 

•   S_1 and S_2 for PLF (black) and FLF (red) 
 

•  The best PLF result is 1-4, so we start with this 2-band subset when 
applying the algorithm for greedy selection of subset sequences 



Incremental Band Subset Construction 
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Optimized F_measure values for derived subsets from S_2 to S_7 (PLF and FLF)  

•  The F_measure value increases with increasing size of the selected band 
subset, as expected.  

•  The improvements when moving across numbers of bands are relatively 
small.	

Band(s) 1-4 1-4-6 1-4-6-3 1-4-6-3-5 1-4-6-3-5-2 

1 - - - - - 

2 0.948 0.957 0.957 0.958 - 

3 0.946	 0.957 - - - 

4 -	 -	 - - - 

5 0.949	 0.950	 0.957	 - - 

6 0.949	 -	 -	 -	 - 

7 0.918	 0.935	 0.938	 0.940	 0.958/0.961	



Accuracy Improvement 
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Accuracy comparison (all 7 bands) with results from [Benezeth 
2014] using same dataset. 
 
 
 
 
 
 
 
The  F_measure result is improved by 7.1%.  
 
	

Precision	 Recall	 F_measure	

LDspectral	 0.969	 0.953	 0.961	

[Benezeth 2014]	 0.870	 0.925	 0.897	

Improvement	 11.4%	 3.0%	 7.1%	



Key Differences Compared to [Benezeth 2014] 
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[Benezeth 2014] 
•  MATLAB implementation. 
•  Background subtraction employs only one Gaussian Distribution 

for each band. 
•  FLF used for combination of results from different bands. 
 
LDspectral 
•  Builds on relevant insights and data sets from [Benezeth 2014]. 
•  Implementation using LIDE,  C/C++, and OpenCV. 
•  Gaussian Mixture Model (3-5 distributions for each band).  
•  Configurable selection of the subset of bands to process. 
•  Flexibility to configure between PLF and FLF for fusion. 
•  Optimization of non-uniform weights across different bands (for 

PLF).	



Summary of Key Observations  

26 

•  Gaussian mixture models (GMMs) provide significant accuracy 
improvement in multispectral background subtraction 
–  à to the point where fewer bands need to be captured/stored/

processed in some scenarios to achieve similar accuracy levels  
•  Feature-level fusion (FLF) and Pixel-level fusion (PLF) lead to relatively 

small accuracy differences in LDspectral 
–  Potential for optimizing execution time and energy consumption by 

switching to PLF (with optimized, nonuniform weights) 
•  The incremental accuracy improvement when adding additional bands is 

relatively small  
–  Significant potential for “ignoring” subsets of bands, thereby optimizing 

execution time and energy consumption in resource-constrained 
environments 

–  Specific, data-driven thresholds for adding/subtracting bands can be 
determined using platform-level instrumentation 

•  When all bands are processed, LDspectral provides significant accuracy 
improvement, especially in terms of precision and F_measure 



Summary: LDspectral 
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•  We have introduced LD Spectral, a software tool for model-
based system design, prototyping, and optimization of data-
driven, multispectral video processing systems. 

•  Addresses novel video processing design spaces introduced 
by multispectral image acquisition. 

•  Enables experimentation with and data-driven optimization of 
video processing dataflow/configurations for multispectral 
video analytics. 

•  Demonstrated using a case study involving background 
subtraction, and a multispectral data set for background 
subtraction from [Benezeth 2014]. 

•  Incorporates efficient integration between OpenCV and model-
based dataflow programming. 
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