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1. Summary 
 

Background separation of foreground objects from background is the first step in many video 

processing pipeline. While existing approaches for background separation adequately perform to 

solve many of the technical challenges, such as illumination changes, dynamic backgrounds (e.g., 

fluttering leaves, waving flags, etc.), camera jitter, etc.), they have limitations in handling mobile 

sensors and also have high computational complexity. This is a major limitation for future 

intelligent systems due to recent prevalence of mobile sensors and small platforms requiring 

onboard processing with size, weight, and power (SWaP) constraints. 

 

This Small Business Innovation Research (SBIR) effort made several innovations to handle these 

challenges and to address the limitations of the state-of-the-art: These include i) development of 

innovative mathematical models and advanced algorithms based on that effectively handle 

challenging cases for efficient background subtraction on small platforms; and ii) development of 

mathematical models of viewing geometry of moving sensor and image formation and exploiting 

the low-rank constraints of rigid body motion in 3D world for efficient detection of independently 

moving objects. The Phase II effort developed computer vision and machine learning algorithms 

that exploits low-rank constraints on the background appearance as well as motion to differentiate 

foreground regions from background. The low-rank constraints on the background appearance are 

based on both the theoretical and empirical results that show that the vectorized images 

corresponding to a given object under different transformations (e.g., illumination variations) 

approximately lie on a low dimensional subspace. Moreover, the low-rank constraints on motion 

exploit viewing geometry of freely moving sensors to differentiate foreground and background 

motion. By incorporating sensor motion with the appearance model, the developed approach is 

able to handle both static and moving cameras. The background separation algorithm was also 

ported to a mobile device to provide real-time performance and evaluated on both standard and in-

house datasets. The technologies developed during the project provide a natural framework and 

foundation for robust and efficient automated computer vision on low-cost mobile devices. 
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2. Introduction 
 

The prime objective of the proposed effort is to develop technologies that enable real-time 

background/foreground separation in static and freely moving video sensors using mobile 

processors. 

 

 

 

Video sensors have become a ubiquitous source of information in all domains of life (Figure 1). 

From defense to commercial to consumer sector, they are increasingly being used to enable a wide 

range of applications. For example, fixed and pan-tilt-zoom (PTZ) cameras are commonly used to 

provide visual surveillance, critical infrastructure security, business intelligence, and building 

automation. Similarly, cameras mounted on UAV platforms are easily one of the most critical 

sources of intelligence, reconnaissance, and surveillance (ISR) data and situational awareness. In 

addition, consumers around the world are generating a large amount of video data from handheld 

devices (e.g., smart phones) and wearable devices (e.g, Google Glass, GoPro, etc.).  

 

The large amount of data generated by these sensors has pushed the demand for automated 

techniques that can extract useful information from rich video data. For example, automated visual 

surveillance systems and aerial video exploitation tools are widely used to detect and track targets 

of interest and recognize activities from video. However, most of the existing visual analysis 

systems assume availability of large processing infrastructure (powerful PCs, servers, GPUs, etc.) 

and therefore cannot be easily applied to many of the new mobile sensing devices, or small 

platforms with strict size, weight and power (SWaP) constraints. Therefore, there is a need to 

develop efficient computer vision technologies that enable real-time exploitation of videos using 

low-power low-cost mobile computing platforms that can be easily integrated with the sensing 

device. 

 

 
Figure 1: The proposed background separation technologies will enable exploitation of video sensors on 

mobile platforms and have wide applications that include: aerial video exploitation, augmented reality and 

gaming, edge processing of high resolution videos, wearable sensors, and autonomous vehicles. 
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2.1 Limitations of the State-of-the-Art Background Separation Technologies:  
 

The first step in many video processing pipelines is separation of foreground objects from 

background. This is done through background separation algorithms that attempt to identify the 

most relevant parts of the video stream by adaptively learning and modeling the characteristics of 

background and finding pixels that do not conform to the learned model. As one of the most critical 

components of automated visual surveillance systems, background separation problem has been 

extensively studied in computer vision literature. Many approaches have been presented to solve 

its technical challenges, such as illumination changes, dynamic backgrounds (e.g., fluttering 

leaves, waving flags, water fountains, etc.), camera jitter, shadows, and moving camera, etc. While 

existing methods are quite adept at handling many of these challenges, they also have high 

computational complexity (in terms of number of pixels) and are not suitable for mobile platforms.   

On the other hand, a large portion of video data generated these days is captured by mobile sensors, 

e.g., handheld smart phones, wearable devices (GoPro, Google Glass, etc.), and sensors mounted 

on small UAVs. However, most of the existing work in background separation has focused on the 

videos from static and PTZ cameras used in video surveillance. This holds true even for some of 

the most recent algorithms that use advanced online optimization and subspace estimation 

 

 

Figure 2: Mosaic (top) and voxel-based (bottom) representations used by state-of-the-art methods for 

background modeling are computationally very expensive and infeasible for mobile platforms.  
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techniques [GK15, HBS12] for fast background separation. Therefore, these algorithms cannot be 

directly applied to videos from moving sensors.   

The methods that do attempt to solve the problem for mobile sensors also borrow the basic 

methodology from algorithms for static cameras. These methods first create new representations 

(Figure 2) that cancel the effect of platform motion, e.g., background mosaics (generated by 

stitching imagery from subsequent frames) or explicit 3D models (created using structure-from-

motion and stereopsis techniques). The background separation techniques borrowed from static 

camera domain are then applied to these new representations. In addition to the complexity of 

original separation techniques, this methodology introduces even more computationally complex 

elements to the processing pipeline. For example, image-stitching algorithms required to do 

mosaic generation involves very expensive image warping (transformation) components. 

Similarly, structure-from-motion and stereopsis techniques and the resulting 3D voxel-

representations cannot be created in real-time without heavy parallel processing using GPUs.  

 

2.2 Summary of Innovation:  
 

To handle the above challenges, Novateur Research Solutions and General Robotics, Automation, 

Sensing and Perception (GRASP) Laboratory at University of Pennsylvania, herein after referred 

to as the Novateur Team made several mathematical innovations during the SBIR effort. These 

included, development of innovative mathematical models as well as advanced computer vision 

and machine learning techniques that can effectively separate background from foreground from 

both moving and stationary sensors from a wide variety of scenarios.  

 

In particular, during the Phase II effort, the team developed algebraic models that exploit low-rank 

constraints on the background appearance as well as motion to differentiate foreground regions 

from background. The low-rank constraints on the background appearance are based on both the 

theoretical and empirical results that show that the vectorized images corresponding to a given 

object under different transformations (e.g., illumination variations) approximately lie on a low 

dimensional subspace. Moreover, the low-rank constraints on motion exploit viewing geometry of 

freely moving sensors to differentiate foreground and background motion. The team then 

developed novel algorithms both based on algebraic optimization (matrix factorization) as well as 

machine learning (neural networks) that exploit these constraints for background subtraction from 

moving platforms. 

 

The background separation technologies developed during the Phase I are  

• do not require creation of expensive scene representations;  

• do not make assumptions about the scene or platform motion; and  

• agnostic to specific computing architectures or instruction sets.  

 

Therefore, they enable efficient background separation in high-resolution imagery from both static 

and moving sensors using a wide variety of low-cost, low-power, and light-weight processing 

units.  
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2.3 Phase II Accomplishments:  
 

The key objectives that were accomplished during Phase II research and development effort 

include: 

A Novel Algebraic Framework for Efficient Online Extraction of Multiple Moving Targets 

in Moving Sensor Videos – During the Phase I effort, the Novateur Team approached the problem 

of discovering and segmenting independently moving objects by casting it as a low-ranking 

approximation problem. More specifically, the techniques that we developed involve detecting and 

tracking features between frames and then aggregating those tracking results in incomplete 

matrices where the missing entries reflect the fact that features will become occluded over time as 

the camera moves through space. We then showed that we could exploit the assumption that most 

of the scene was moving rigidly and the structure of the affine projection model which mandate 

that most of these tracks must lie on a three-dimensional manifold in a high dimensional space. 

The next key idea in our approach was to exploit online incomplete matrix factorization techniques 

to quickly and efficiently extract this three-dimensional subspace structure from the 

measurements. Once this has been done, independently moving obstacles can be recovered by 

identifying outliers to the low-rank model then grouping these features based on proximity in the 

images. The Phase II effort further built upon the Phase I model by incorporating subspace tracking 

[HBS12] and Dynamic Mode Decomposition [GK15, KFB15] and using the low-rank property of 

the background model to extract foreground pixels in real-time. In addition, the Phase II effort 

developed novel machine learning model that exploit the low-dimensional constraint to separate 

the static 3D scene geometry from independently moving objects.  

 

Improved Moving Target Detection on Mobile Computing Platform using Background 

Separation Technology as a Focus-of-Attention Mechanism – The Phase II effort developed a 

novel computer vision algorithm that is capable of detecting moving target detection on mobile 

platforms, such as UAVs. The algorithm combines optical flow, deep neural networks, as well as 

low-rank constraints and provides focus-of-attention mechanisms for further processing tasks.   

 

Testing, and Evaluation – The Novateur Team also demonstrated capabilities of the proposed 

background separation technologies using standard benchmark datasets as well as in-house 

datasets consisting of real-world scenarios. The Team also performed quantitative and qualitative 

evaluation of the proposed technologies, which included performance characterization and trade-

off analyses on real-world data.  

Implementation of an End-to-End Software to Enable Robust Detection of Moving Targets 

in Videos  –  The Phase II implemented an end-to-end software based on ROS architecture to 

enable robust detection of targets in video from static and moving sensors using mobile computing 

platforms.   
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3. Methods, Assumptions, Procedures, and Results 

 

3.1 Project Foundation and Planning: 
 

In the beginning of the project, the team performed initial task planning. This involved internal 

kickoff meeting to agree upon the task assignments and work plan. It also involved initial data and 

existing software gathering to support development and evaluation of the proposed technologies. 

The team also analyzed the existing datasets and developed foundation algorithms and tools to 

support algorithm development and testing.  

 

3.2  Algebraic Framework for Efficient Online Extraction of Multiple Moving 

Targets in Moving Sensor Videos  

 

3.2.1 Background:  

The use of low-dimensional subspace as background model enables use of online matrix 

completion apparatus to enable robust and efficient background separation. Low-rank matrix 

completion is the problem of recovering a low-rank matrix from an incomplete sample of the 

entries. During the Phase I of this effort, we used a new algorithm called Polar Incremental Matrix 

Completion (PIMC) to develop a background subtraction approach using online subspace tracking. 

 

Online Subspace Tracking Problem: Given a sequence of 𝑑-dimensional subspaces, 𝒮𝑡 ⊂

ℝ𝑛, 𝑑 < 𝑛, and a sequence of vectors 𝑣𝑡 ∈ 𝒮𝑡. The objective of a subspace tracking algorithm with 

subsampled vectors is to estimate 𝒮𝑡 given 𝑣Ωt
- an incomplete version of 𝑣𝑡, sampled only on the 

indices Ωt ⊂ {1,2, … , 𝑛}. Let the columns of an 𝑛 × 𝑑 matrix 𝑈𝑡 be orthonormal and span 𝒮𝑡. 

Tracking the evolving subspace 𝒮𝑡 is equivalent to estimating 𝑈𝑡 at each time step.  

 

Modeling of Background as a Low-Rank Subspace: The first step in background separation is 

modeling of background and foreground attributes. Given these models, the background separation 

for each incoming set of observations amounts to finding the likelihood ratio of each observation 

with respect to background and foreground models. Therefore, the choice of models, the attributes 

being modeled, and the mathematical framework used is important for both the quality and the 

efficiency of the background separation process. To be applicable in a wide variety of real-world 

applications, background models should not use assumptions that are specific to a domain or 

application and must have some desirable properties, for example, they should be robust to 

illumination changes, background clutter, and dynamic backgrounds (e.g., fluttering leaves, 

waving flags, water waves, etc.). Moreover, since the background attributes keep changing over 
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time, the models also need to be adaptive and should evolve over time by actively learning from 

sensor observations.   

 

A common characteristic used for modeling background appearance is that the attributes (e.g., 

color, gradient, texture etc.) of the image locations belonging to objects of interest change more 

rapidly than those belonging to background scene. Existing background separation methods model 

this characteristic by maintaining probability density models (e.g., mixture of Gaussians, parzen 

windows, etc) for each image location. For each incoming observation (video frame), the distance 

between the observation and the probability density is used as a likelihood of the observation being 

part of the background. This method is computationally inefficient. For an image of dimensions 

N × M pixels, this method requires maintenance of NM probability distributions and independent 

likelihood computations. It treats each density independently and therefore does not exploit strong 

correlations between different observations.  

 

It has been shown both theoretically and empirically [BJ03, ZM+08, HBS12] that the vectorised 

images corresponding to a given object or scene under different conditions (e.g., illumination) 

approximately lie on a low-dimensional subspace. Using this observation, we can make the 

background models more powerful (and efficient) by keeping a 𝑑-dimensional subspace or affine 

set with 𝑑 > 0. Suppose we have 𝑇 frames and 𝑉 = [𝑣1, 𝑣2, … , 𝑣𝑇], where each length-𝑁𝑀 vector 

𝑣𝑖 corresponds to the 𝑁 × 𝑀 pixels of the 𝑖th image in the sequence. A 𝑑-dimensional subspace 

model is then a factorization 𝑉 ≈ 𝐿𝑅𝑇, where 𝐿 is an 𝑁𝑀 × 𝑑 basis matrix, and 𝑅 is a 𝑇 × 𝑑 

coefficient matrix. At each time step 𝑡, we assume that a vector or video frame 𝑣𝑡 is generated by 

the following model: 𝑣𝑡 = 𝑈𝑡𝑤𝑡 + 𝑠𝑡 + 𝜁𝑡, where 𝑈𝑡 is the background subspace, 𝑤𝑡 is the 𝑑 × 1 

weight vector, 𝜁𝑡 is the 𝑛 × 1 zero-mean Gaussian white noise vector with small variance, and 𝑠𝑡 

is the 𝑛 × 1 sparse outlier vector that models foreground pixels in the separation problem. The 

problem of background separation can then be modeled as that of minimizing the objective 

function arg min
𝑤𝑡

(‖𝑈𝑡𝑤𝑡 − 𝑣𝑡‖) subject to rank constraint on background matrix 𝑈𝑡 (where ‖∙‖1 

is the 𝑙1 norm). Let 𝑈Ω𝑡
 denote the submatrix of 𝑈𝑡 consisting of the rows indexed by Ω𝑡; also for 

a vector 𝑣𝑡 ∈ ℝ𝑛, let 𝑣Ω𝑡
 denote a vector in ℝ|Ω𝑡| whose entries are those of 𝑣𝑡 indexed by Ω𝑡. For 

each time step 𝑡, we observe 𝑣Ω𝑡
, a subsampled vector (by sampling pixels from each incoming 

video frame). The subspace error from the subspace spanned by the columns of 𝑈𝑡 to the observed 

vector 𝑣Ω𝑡
 is given by min

𝑤𝑡

(‖𝑈Ω𝑡
𝑤𝑡 − 𝑣Ω𝑡

‖). We estimate the subspace 𝑈𝑡 using these sampled 

vectors and track it over time. The sparse outlier vector at each step provides the estimate of the 

foreground.  

 

3.2.2 Background Separation using Dynamic Mode Decomposition:  
During Phase II research work we applied recently developed methods, such as subspace tracking 

[HBS12] and Dynamic Mode Decomposition (DMD) [GK15, KFB15] and using the low-rank 

property of the background model to extract foreground pixels at frame-rates that are 2-3 orders 
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of magnitude faster than conventional methods. The algorithm was implemented in C++ with 

OpenMP multithreaded support. The Figure 3 demonstrates the successful application of a 

dynamic mode decomposition method to eliminate parallax effects for the UAV video.    

 

Figure 3: Illustration of DMD method for feature based and direct method for UAV video. Left: original 

input images from video sequence; Center: feature based DMD separation of background/foreground (red 

blobs indicates foreground features consistent across frame window, blue blobs are only for the current 

frame); Right: Foreground mask for the direct method using DMD. 

 

Dynamic Mode Decomposition: 

Dynamic Mode Decomposition (DMD) method has been originally introduced in the 

computational fluid dynamics field, DMD has emerged as a powerful tool for analyzing the 

dynamics of nonlinear systems, including neuroscience and financial trading. Given data collected 

in regularly space time intervals, the DMD method will approximate the low-dimensional modes 

of the linear, time-independent Koopman operator in order to estimate the potentially nonlinear 

dynamics of the system. Recently, it has been proved to be a very powerful tool in video streams 

for tracking objects and to separate background from dynamic foreground [KFB15, BYZ18].  In 

recent work DMD is used to successfully for shot boundary detections [BYZ+18]. One of the key 

advantages that DMD method is that it is not only a data-driven method that provides a 

decomposition into spatial-temporal modes (similar to the principal component analysis PCA), but 

also correlates data to unique temporal Fourier modes. Thus, a matrix decomposition is done both 

in time and space allowing the method to be well suited to motion detection, which separated video 

data into low-rank(background) and sparse(foreground) components.  

 

Multi-resolution Dynamic Mode Decomposition (MRDMD): 

Adding into the consideration a windowed Fourier transform, one can systematically remove 

temporal or spatial features by a process of recursive refinement of sampling from the data of 

interest, so to perform multi-resolution analyses (MRA). Integrating this concept to DMD we can 
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formulate a Multi-resolution DMD (MRDMD) [KFB15]. To apply MRDMD method we assume 

that we can reconstruct a dynamical system that is comprised of multi-scale temporal and/or spatial 

features. This allows us easily separable multi-scale spatio-temporal features in MRDMD 

decomposition and provide a powerful tool to analyze of video feeds in a real-time architecture. 

Consider a dynamical system with two sets of data 𝑿 = [𝒙𝟏  𝒙𝟐  … 𝒙𝑴], 𝑿′ = [𝒙′𝟏  𝒙′𝟐  … 𝒙′𝑴] ∈

ℝ𝑵×𝑴, 𝒙𝒌 and 𝒙′𝒌  are vector of N data points of the frame k collected at initial and after some 

time 𝜏  accordingly. Define a matrix 𝑨 = 𝑿′𝑿†, where † denotes Moore-Penrose pseudoinverse. 

The DMD procedure constructs the proxy, approximate linear evolution 

𝑑𝒙̃

𝑑𝑡
= 𝑨𝒙̃,     𝒙̃ = ∑ 𝑏𝑘

𝑴

𝒌

𝜓𝑘exp (𝜔𝑘𝑡) 

 where 𝜓𝑘  ,  𝜔𝑘 are eigenfunctions and eigenvalues of the matrix 𝑨. In practice the dimension N 

can be large to analyze the matrix 𝑨 directly. DMD method consider a rank-reduced representation 

of a projected matrix 𝑨̃.  

 

Figure 4: Representation of the multi-resolution dynamic mode decomposition on an example video that 

includes three different time scale features (annotated), a background, a pedestrian (slow) and a car (fast) 

(from [KFB15]). 

 

The DMD algorithm proceeds as follows:  

1) Decompose matrix 𝑿 via reduced SVD with rank K 𝑿 = 𝑼𝚺𝑽∗;  

2) Compute 𝑨 = 𝑼∗𝑿′𝑽𝚺−𝟏̃ , the 𝐾 × 𝐾 projection of the full matrix;  

Original Video

Man CarBackgroundL              +                S

X

Figure 1: Representation of the multi-resolution dynamic mode decomposition on an example video (top left) that includes

three different time scale features (annotated), a background, a pedestrian (slow) and a car (fast). A standard DMD fore-

ground/background separation of the video X = L + S is shown in the bottom left panels. The MRDMD with successive

sampling of the data, initially with M snapshots and decreasing by a factor of two at each resolution level, is shown on

the right. The DMD spectrum is shown in the middle panel right where there are m1 (blue dots) slow-dynamic modes

(background) at theslowest level, m2 (red) modesat thenext level (man) and m3 (green) modesat the fastest (car) time-scale

shown. Theshaded region represents themodesthat areremoved at that level. Thebottom right panelsshowsthewavelet-like

time-frequency decomposition of the data color coded with the snapshots and DMD spectral representations.

Figure 2: The MRDMD mode decomposition and hierar-

chy. Represented are the modes ψ
ℓ ,j
k (ξ) and their position

in the decomposition structure. The integer values, ℓ , j and

k, uniquely express the time level, bin and decomposition.

Thus the decomposition is recursive in nature. In this for-

mulation, we can alternatively rewrite (23) using (16) as

x mrDMD(t) = L (1,j ) + L (2,j ) + L (3,j ) + S(3,j ) (26)

where a3-level truncation is assumed.

The indicator function f ℓ ,j (t) acts as sifting function for

each time bin. Interestingly, this function acts as the Gabór

window of a windowed Fourier transform [16]. Since our

sampling bin has a hard cut-off of the time series, it may

introduce someartificial high-frequency oscillations. Time-

series analysis, and wavelets in particular, introduce various

functional forms that can be used in an advantageous way.

Thus thinking morebroadly, onecan imagine using wavelet

functions for the sifting operation, thus allowing the time

function f ℓ ,j (t) to take the form of one of the many poten-

tial wavelet basis, i.e. Haar, Daubechies, Mexican Hat, etc.

This will be considered in future work. For the present, we

simply use the sifting function introduced in (22)

5.2. Object Tracking

To demonstrate the efficacy of the MRDMD method, we

first construct avideo example that iscomprised of four dif-

ferent video feeds: abackground and three different tempo-

432686
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3) Find eigenvectors 𝑾 and eigenvalues [𝜆1  𝜆2 … 𝜆𝐾] of the matrix 𝑨̃; 4) Find eigenfunctions 𝚿 =

[𝝍𝟏  𝝍𝟐  … 𝝍𝑲] = 𝑿′𝑽𝚺−𝟏𝑾 and eigenvalues 𝜔𝑘 = ln(𝜆𝑘) /Δ𝑡 , with Δ𝑡 is a time interval 

between frames. Then approximate solution at time t is given 𝒙̃(t) = ∑ 𝑏𝑘
𝑲
𝒌 𝜓𝑘exp (𝜔𝑘𝑡), where 

𝑏𝑘 = 𝚿†𝒙𝟏.  

To separate different time-scale features, we decompose the given data into low-rank background 

 𝑳𝒊 and sparse 𝑺𝒊, so  𝑿𝒊 = 𝑳𝒊 + 𝑺𝒊.  For each level 𝑖, the first 𝑚𝑖 modes are removed.  

 

 

 

Figure 5: DMD decomposition with planar rectification for UAV video.Top-left: Input image; Top-right: 

Fourier modes for DMD; Bottom-left: reconstruction for the foreground with 𝝐 = 𝟏 with remaining 

parallax effects; Bottom-right: reconstruction for the foreground with 𝝐 = 𝟐𝟓. 

By setting a threshold ϵ for background separation, so that there are only included modes with 

𝑟𝑒𝑎𝑙(ω𝑘/Δt) < ϵ, where Δt is the time between frames. Since we expect that background can be 

approximated by low rank representation, we can effectively separate the foreground by setting 

appropriate threshold (Figure 5).  

Modes that reside near the origin represents dynamics that are unchanging or changing slowly and 

can be interpreted as background or low-rank components. For the MrDMD method we can 

formulate a foreground separation as a difference 𝑿𝒋
𝑺𝒑𝒂𝒓𝒔𝒆 𝑫𝑴𝑫

= 𝑿𝒋 − |𝑿𝒋
𝑳𝒐𝒘 𝒓𝒂𝒏𝒌 𝑫𝑴𝑫|. However, 

𝒙𝒊
𝒎𝒓𝑫𝑴𝑫 = ∑ 𝑏𝑘

𝒎𝒊

𝒌=𝟏

𝜓𝑘 exp(𝜔𝑘𝑡) +  ∑ 𝑏𝑘

𝑴

𝒌=𝒎𝒊+𝟏

𝜓𝑘exp (𝜔𝑘𝑡) 

                             (slow modes)                 (fast modes) 
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we can extend our multi-resolution analysis by applying another DMD for the sparse fast modes 

dynamics only. For instance, if 𝑚1 modes were used for the background representation, then define 

𝐗𝑴/𝟐 = ∑ 𝑏𝑘
𝑴
𝒌=𝒎𝟏+𝟏 𝜓𝑘exp (𝜔𝑘𝑡). Applying DMD on 𝐗𝑴/𝟐 again we can separate it to 𝐗𝑴/𝟐 =

𝐗𝑴/𝟐
(𝟏) + 𝐗𝑴/𝟐

(𝟐). This procedure can be applied recursively. Then 

𝒙(𝒕)̃ = ∑ 𝑏𝑘
𝒎𝟏
𝒌 𝜓𝑘 exp(𝜔𝑘𝑡) + ∑ 𝑏𝑘

(1)𝒎𝟐
𝒌 𝜓𝑘

(1) exp(𝜔𝑘𝑡) + ∑ 𝑏𝑘
(2)𝒎𝟑

𝒌 𝜓𝑘
(2) exp(𝜔𝑘𝑡) + ⋯. 

It allows us to represent modes and their positions in the decomposition structure [KFB15]. The 

advantage of this approach that it can remove a potential dominance of a single set of modes and 

provide a different spatio-temporal DMD analysis to obtain a real multi-resolution technique. 

Therefore, we can extract spatio-temporal structure within the whole frame sequence for shorter 

time windows, and reconstruct different time-scale features.  

 
 

Feature Tracking: 

The direct method for DMD approach with planar rectification requires a computationally 

expensive warping procedure. To represent background in moving sensor videos, the scene is 

modeled by a sparse set of feature points. The feature points can be either randomly sampled on 

the image or obtained by using feature detection methods such as SURF, BRIEF, FAST and ORB 

etc. that are designed for efficient performance on low power processors. The feature points are 

independently tracked over time and their (short-term and possibly noisy) trajectories are 

maintained with the model (Figure 6).  

New points are also added in the model as the sensor moves and observes new scene regions. This 

sparse representation has several advantages over traditional mosaic and voxel-based 

representations. As it is based on sparse features that are independently tracked, it is space-efficient 

and easy to maintain. It does not require expensive image warping or structure estimation and is 

therefore quite efficient. Our experiments show a significant speed up in the processing compared 

  

Figure 6: Error distribution for the background modeling for the UAV video for feature based 

approach. The outlier points correspond to the moving car. 
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to the direct method based on pixels intensities of a warped frame (40-50 fps for 1280x720 video 

with FAST features detector on regular 4-cores laptop computer).  

 

 

3.2.3 Development of Neural Networks that Learn Low-Dimensional Non-Linear 

Manifolds to Estimate Independently Moving Objects from Moving Platforms   
 

The task of estimating independently moving objects from monocular video imagery is a 

challenging one since it involves distinguishing between the motion in the image due to the ego 

motion of the observer that induced by the motion of the objects. In the previous subsection we 

showed approaches to this problem that tackled this problem by modeling the motion of the 

background in terms of a low dimensional affine manifold which could be reconstructed using 

robust regression techniques. Once the background motion had been extracted, foreground objects 

could be discovered by identifying outliers that did not jibe with the recovered foreground model. 

This approach works well in situations where the motion model can be adequately captured by a 

low dimensional linear subspace. This is a reasonable model for aerial imagery acquired from high 

flying drones but is less accurate as the distance between the scene and the observer is smaller. 

There the non-linearities induced by the perspective motion model become more apparent.  

In order to address this problem one of the thrusts of our research effort has been to ask whether it 

is possible to train a neural network to propose a low-dimensional non-linear manifold that 

captures the depth structure of the scene and then use that to model the foreground motion in the 

scene. This work builds on and generalizes the body of research that seeks to estimate the depths 

in a single color image.  

Recent learning based monocular depth estimation approaches tried to solve this problem by 

leveraging the expressive power of deep convolutional neural networks (CNN) with strong 

regularizations. Despite the fast progress in the field, predicting depth from a single monocular 

 

Figure 7: Examples of feature based background/foreground separation for UAV video (left) and dash 

camera video (right). 
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image remains a fundamentally hard problem. On the other hand, with the advance of active 

sensing technology, time-of-flight sensors and Lidars are becoming more prevalent. The depth 

completion problem is then to estimate a dense depth image from a set of sparse depth 

measurements, often guided by a color image [US+17]. 

 

Figure 8: Overview of deep basis fitting approach where the final convolutional stage is replaced by a 

differentiable least squares fitting procedure. 

Most depth completion framework opt for feeding the color image together with the sparse depth 

into a neural network directly and output one single depth image [ MCK18]. As this is the most 

obvious approach, it suffers from the fact that traditional convolutional filters are not designed for 

sparsity invariance [ US+17], and thus have trouble coping with different levels and patterns of 

sparsity. Instead of giving the network a demanding task which is to directly produce depth, we 

ask the network to predict a set of basis depth maps from the image. The final depth is then 

reconstructed from the predicted basis, with the help of the sparse depth input. This approach has 

the following advantages: 

1) we no longer need to worry about input sparsity, since the sparse input are not directly 

fed into the network,  

2) we can handle huge changes in input sparsity without significant performance 

degradation, as each sparse depth measurement puts one constraint on the basis depth.   

Note that an important byproduct of our approach is a network that predicts a depth basis which 

serves as a low-dimensional structural model which could also be used for motion estimation. To 

do this we would optimize over the motion parameters between frames and the weights applied to 

the depth bases to minimize the photometric error observed when one frame is mapped into 

another. 

This approach has the following advantages:  

Recap: Deep Basis Fitting
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1) we no longer need to worry about input sparsity, since the sparse input are not directly 

fed into the network,  

2) we can handle huge changes in input sparsity without significant performance 

degradation, as each sparse depth measurement puts one constraint on the basis depth.   

 

 

Figure 9: Top to Bottom: image, depth prediction, groundtruth 
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Deep Basis Fitting 

 
 

Given an image X and a sparse depth map S, we wish to predict a dense depth image D from a depth 

estimation function f that minimizes some loss function L with respect to the ground truth depth D. 

Typically, X is a color image, S the sparse depth map where invalid pixels are encoded by 0, and f a fully 

convolutional neural network whose parameters are denoted by θ. When ground-truth depth D is available, 

the learning problem is to determine θ  according to 

𝜃 = 𝑎𝑟𝑔𝑚𝑖𝑛
𝜃

𝐿(𝑓(𝑋, 𝑆; 𝜃), 𝐷) 

Existing depth prediction networks usually employ a final convolutional layer to convert an M-channel set 

of basis features, B, to a single-channel result, L, which is sometimes referred to as the logits layer. The 

inputs to this final layer are allowed to range freely between −∞ and +∞ while the logit outputs are mapped 

to positive depth values by a nonlinear activation function, g. The final convolution filter that maps the 

basis features, B, onto the logits, L. L is, therefore, an affine combination of channels in B and the predicted 

depth at pixel i is 

𝐷′[𝑖] = 𝑔(𝐿[𝑖]) = 𝑔(∑

𝑗

𝑤𝑗𝐵𝑗[𝑖]) = 𝑔(𝑤𝑇𝑏𝑗) 

where w represents the combined filter weights and bias, and b the basis (feature) vector at pixel i with B 0 

[i] = 1, and [·] the pixel index operator. Once learned they are typically fixed at inference time. When 

enough sparse depth measurements are available the weights w can instead be directly computed from data. 

Specifically, our weights are obtained through a least squares fit (LSF) from the bases B to the sparse depths 

S at valid pixels, which can then be used in place of the final convolutional layer. An overview of our 

proposed method is shown in Figure 10. 

The objective function we wish to minimize for the least squares problem in matrix 

form is 

𝑚𝑖𝑛
𝑤

1

2
∑

𝑖

𝑔(𝑤𝑇𝑏𝑖) − 𝑠𝑖 = 𝑚𝑖𝑛
𝑤

1

2
‖𝐵𝑤 − 𝑡‖ 

where 𝑠𝑖 denotes an individual sparse depth measurement. The solution is the well-known Moore-Penrose 

pseudo-inverse which can be further regularized with parameter λ. 

In practice, this problem is usually solved via lower-upper (LU) or Cholesky decomposition both of which 

are differentiable. Thus, the entire training process including our LSF module is differentiable which means 

 
Figure 10: Deep Basis Fitting architecture. Solid lines indicate the data flow of our module, while dotted 

lines indicate that of the baseline method, which is simply a convolutional layer.  LSF module replaces 

the convolutional layer with no change to the rest of the network. 
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that it can be trained in an end-to-end manner. This is an important point since we have found that retraining 

the network with this fitting module produces much better results than simply adding the fitting procedure 

to a pretrained network without retraining. Effectively the retraining allows the network to make best use 

of the new adaptive fitting layer. 

 

 
 

Self-supervised training formulates the learning problem as novel view synthesis, where the network-

predicted depth is used to synthesize a target image from other view-points. Rather than predicting a depth 

map D’ at each scale k separately, we propose to predict a set of bases B , as shown in Figure 11. Each of 

the basis vectors is obtained by upsampling features from corresponding scales in the decoder so the 

resulting basis images are band-limited by construction with coarser basis images corresponding to earlier 

layers in the decoder. The depth prediction at a particular scale s is then reconstructed using bases up to 

that scale. This technique greatly reduces various artifacts in the final depth prediction, but it still has one 

undesired property, With this formulation, predictions at different scales will work towards the same goal, 

which is to reconstruct the full resolution depth map. This approach is analogous to wavelet or Fourier 

encodings of an image where the basis maps are organized into band-limited components to represent the 

signal at various scales. Our LSF module handles this multi-scale approach quite naturally since we can 

simply allocate the basis maps in B among the desired scales, then upsample and group them back together 

to perform the fitting step. Henceforth we use this new multi-scale prediction scheme in all our experiments, 

even for supervised training where only the full resolution depth prediction is required. 

We evaluate performance using standard metrics in the depth estimation literature. Note that for accuracy 

(δ threshold) we only report δ 1 < 1.25, due to space limitations and the fact that the δ 2 and δ 3 are typically 

99% for our experiments and thus provide limited insights. Following, we group results based on input 

modalities, where rgb denotes a network that only takes a color image as input. Figure 12 and Table 1 show 

quantitative comparisons between our proposed linear LSF module. 

 

 
Figure 11: Multi-scale depth prediction. The full resolution depth D 3 is reconstructed using all bases 

prediction. 
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We have been able to show that our approach is able to effectively learn a low dimensional 

manifold quite effectively. Moreover the experimental results show that this manifold can be 

learned quite quickly with more rapid convergence than competing approaches. 

 

3.3 Improved Moving Target Detection on Mobile Computing Platform using 

Background Separation Technology as a Focus-of-Attention Mechanism: 
 

During the Phase II effort, we developed a novel moving target detection and focus-of-attention 

mechanism for mobile platforms, that we named JanusNet [ZS+21] that combines several features 

Figure 12:  Qualitative results on various datasets. 

Table 1: Quantitative results on various datasets. conv denotes the baseline network, lsf indicates adding a 

linear LSF module to the pre-trained conv network without re-training for 5 iterations, and lsf is our linear 

fitting module (re-trained). 
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of the models discussed in previous sections. JanusNet is an efficient CNN model that can perform 

online background subtraction and robustly detect moving targets using resource-constrained 

computational hardware on-board unmanned aerial vehicles. It learns to extract and combine dense 

optical flow and generates a coarse foreground attention map using high-pass filters. It then 

combines optical flow, freground attention maps, and appearance features to separate foreground 

motion from background motion and to generate accurate pixel-wise masks of the moving objects 

in the scene. JanusNet addresses many limitations of the state-of-the-art discussed in earlier 

sections while also maintaining some of their most advantageous attributes. As opposed to many 

existing methods, the network does not make limiting assumptions about the sensor motion or the 

structure of the scene and is capable of operating in a variety of scenarios. It also does not require 

creation and maintenance of explicit background models, a memory and time-complex step.  It 

leverages recent advances in deep learning techniques for robust estimation of dense optical flow 

from videos. This enables JanusNet to exploit both motion (dense optical flow) and image 

attributes (deep features) to identify independently moving objects from moving camera videos. 

The joint modeling of motion and appearance features for foreground segmentation has also 

recently been suggested in [CT+17, JXG17, RR+19], etc. However, most of these methods simply 

concatenate raw optical flow features and image features and pass them to convolutional layers 

that generate foreground segmentation. Our experiments have shown that while such models 

perform well on large and known objects, they do not perform well on previously unseen 

scenes/objects or disambiguating small objects as in the case of UAV videos.  JanusNet tackles 

these challenges by using high-pass filters to generate multi-scale foreground attention maps and 

using a context layer that learns to combine these attention maps with raw optical flow, deep 

appearance features to improve results. 

The following figure shows the neural network structure of JanusNet: 
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Figure 13:  JanusNet Network Structure 

 

Given two adjacent frames of a video, a sub-network first roughly estimates a global parametric 

motion between the two frames and produces roughly aligned frames using this estimate. The two 

aligned frames are used by the optical flow sub-network (that includes feature pyramid, warping, 

correlation, and flow estimation) similar to Pyramid Warping and Cost Volume (PWC)-Net to 

generate dense optical flow of the entire scene. The resulting estimated optical flow is then passed 

through multiple high-pass filters to highlight moving pixels. Finally, the context layer combines 

these highlighted pixels with image features, optical flow, as well as foreground priors (up-

sampled foreground masks from previous frame) to fine tune the results based on semantic and 

contextual information. The network is trained end-to-end (except for the high-pass filters) using 

two training goals, one for optical flow generation, and another for foreground estimation.  

3.3.1 Rough Global Motion Estimation 

When the sensor is moving, the two adjacent video frames are not aligned with each other. Though 

the unaligned frames can be used directly for optical flow estimation and subsequent foreground 

separation, the large global motion between the frames may sometimes lead to poor optical flow 

performance, which in turn affects the quality of foreground. Therefore, we use a global motion 

estimator to roughly align the two frames to reduce global motion. Our global motion estimator 

follows a similar design as the deep homography model except that our model ingests higher 

resolution inputs and uses fewer layers and channels for the computational efficiency. In particular, 

the network uses 10 layers of convolutional layers with stride of 2 in every other layer. The first 4 

layers have 32, 64, 96, and 128 channels respectively whereas the remaining 6 layers each have 

128 channels. Finally, the network uses a linear layer to output the corresponding points pairs of 

the image corners to compute homography. 

Compared with SIFT [L99] + Random Sample Consensus (RANSAC), ORB [RR+11] + 

RANSAC, a deep homography estimator is much faster but not as accurate (Table 2). However, 

in contrast to many existing approaches that assume a specific motion model and then use it as the 

basis of motion compensation and model generation, the type of motion model used (affine, 

homography, etc.) or the accuracy of estimation is not important here. Since the goal of this global 

motion estimation and alignment step is simply to reduce the effect of global motion on optical 

flow quality rather than completely eliminate the ego-motion from imagery, a rough alignment is 

sufficient for the model to produce accurate foreground segmentation (See Section 3.4). 

Table 2: Homography Transform Speed Comparison. 
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3.3.2 Optical Flow Sub-Network: 

The optical flow sub-network consists of feature pyramid extraction, warping, correlation, and 

flow estimation layers. The network follows a similar design as PWC-Net  but trades accuracy for 

speed as discussed below: 

Feature Pyramid Extraction Layer:  For feature pyramid extraction, the network uses L-level 

pyramids consisting of convolutional layers (with images at 0th level and the output of the deepest 

layer at the Lth level to extract image features at different scales. To extract features from input 

image 𝐼𝑡 at level l: 𝐶𝑡
𝑙, the network uses Residual Network (ResNet)-style convolutional layers to 

down-sample 𝐶𝑡
𝑙−1 by 2. In our experiments, we used L=4 levels with channels 16, 32, 64, and 96 

respectively. 

Feature Warping Layer: For each level, the network warps features of Image 𝐼𝑡+1 towards Image 

𝐼𝑡 using the up-sampled flow from (𝑙 + 1)th level 𝑂𝑙+1: 

 

where x is the pixel position, 𝑢𝑝2(Ol+1) is the upsampled optical flow from the l+1 th level. 

Feature Correlation Layer: Given the features of image 𝐼𝑡+1 and their warping towards 𝐼𝑡, the 

network calculates correlation scores for each pixel in image 𝐼𝑡 with its corresponding neighboring 

pixels in warped image 𝐼′𝑡+1. We define the correlation score at level l corrl as: 

 

where x1, x2 are pixel indices, T is the transpose operator, Nl is the number of channels for the l 

th-level feature pyramid. Calculating correlation between all possible combinations of pixel pairs 

x1, x2 takes too much computational resources, so we only compute correlations of pixel pairs in 

a d ×  d square centered at x1. The time complexity of this module is O(d2 ×  H ×  W ×  N), where 

H, W are the resolutions for Cl. At level l=1 where H and W are the large, this correlation layer 

becomes the speed bottleneck for our model, so we remove the correlation layer at level l = 1 for 

speed. Compared with PWC-Net, we reduce d from 9 to 5, and remove the lowest level's 

correlation layer for speed. Because we reduce d to 5, so our optical flow can only detect small 

motions, and that is one additional reason that we need to do a rough homography transform to 

reduce motion ranges before inputting images to our model.  

Flow Estimation Layer: Flow estimation layer at level l consists of layers of Resnet-style 

convolutional layers which take concatenated correlation corrl, features of first image C1
l , and 

upsampled optical flow up2(O𝑙+1) as inputs, and output estimated optical flowOl. Compared to 

PWC-Net, we reduce the number of layers to 4 layers with channels 64, 32, 32, 2, where the final 

layer has 2 channels which correspond to horizontal and vertical pixel motions. 
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3.3.3 Attention Maps using High-pass Filter Bank: 

As mentioned earlier, JanusNet exploits the optical flow of the scene from the flow estimation 

layer to separate foreground and background motions. As opposed to existing methods that use 

explicit motion factorization or subspace modeling for this task, JanusNet uses a convolutional 

model (learned in a supervised fashion) to identify independently moving objects. As we will show 

in Section 3.4, learning such a model directly from raw optical flow is extremely challenging given 

the large number of variables (scene structure, viewing geometry, etc.) that the output depends 

upon. Therefore, to guide this learning, JanusNet employs a bank of high-pass filters that attempts 

to provide attention to the regions where foreground motion is different from the background 

motion. The high-pass filter banks act as a focus-of-attention mechanism that highlight the regions 

that are more likely to contain independently moving objects, i.e., objects that exhibit different 

motion from their surroundings:  

 

where 𝑚𝑘
𝑙  is the filtered optical flow at level l from high-pass filter k, and 𝐴𝑣𝑔(𝑂𝑙, 𝑠𝑘

𝑙 ) is an 

average filter, with kernel size 𝑠𝑘
𝑙  at level l. Different values of 𝑠𝑘 provide attention to the model 

at different scales (Figure 14).  

 

Figure 14:  Output of two high-pass filters with different kernel sizes 

In our experiments, we have found that k=2 with 𝑠1
𝑙 = 2𝑙+1 +  1 and 𝑠2

𝑙 = 2𝑙+3 + 1  provide 

sufficient coverage and accuracy for almost all practical scenarios, though additional filters can 

easily be added without any significant loss of performance. The network uses the output of each 

filter, 𝑚𝑘
𝑙  to generate attention maps (at different scales) as follows: 
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𝑚𝑘,𝑥
𝑙 , 𝑚𝑘,𝑦

𝑙  are horizontal and vertical components of filtered optical flow 𝑚𝑘
𝑙 , 𝑓𝑘

𝑙 is the attention 

map of filter k at level l, v is the minimum motion of a pixel p to consider it as a moving pixel. If 

$|𝑓𝑘,𝑥
𝑙 (𝑝) +  𝑓𝑘,𝑦

𝑙 𝑙(𝑝)
| ≥  𝑣, then 𝑓𝑘

𝑙(𝑝) = 1.0, else 𝑓𝑘
𝑙(𝑝) < 1.0. In our experiments, we used 𝑣 =

0.5, i.e., the motion vectors smaller than 0.5 pixels at pyramid level 1=1 (1 pixel at image 

resolution) between 2 frames. For all practical purposes, vectors smaller than 0.5 pixels between 

two frames can be discarded without affecting the performance of the model. 

 

Figure 15:  Example of JanusNet output on University of Central Florida (UCF) Aerial Action 

Dataset. The person in the video is walking while the car is stationary. 

 

3.3.4 Context Layer: 

The Context Layer produces the pixel-wise foreground mask by combining information from 

different sources that include: i) image features from video frames, ii) raw optical flow, iii) 
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attention maps of different scales from high-pass filter bank, and iv) foreground priors in the form 

of output from previous frame. We also updated the context layer to accommodate multi-scale 

attention maps from the filter banks.  

 

where 𝑓𝑔
𝑙 is the foreground segmentation at lth level, 𝑐𝑜𝑛𝑣𝑠(. ) represents convolutional layers. In 

Eq 6, we multiply 𝑓𝑘
𝑙 with up-sampled foreground segmentation 𝑓𝑘

𝑙+1 to exclude motionless pixels. 

tanh is used to normalize the input of the CNN to range between -1 to 1. 

Using supervised training, the context layer learns to combine and exploit semantics from images, 

motion cues from optical flow, attention maps, and priors from previous frames to determine object 

boundaries, remove shadows and spurious background objects, and identify pixels in the image 

belonging to independently moving objects. 

3.3.6 Training the Network 

The model is trained using two training goals: optical flow and foreground segmentation. Optical 

flow is trained with mean squared loss for each level with weights αl; foreground segmentation is 

trained with binary cross entropy loss with the same weights αl. In our experiments, we set α to be 

(0.1, 0.2, 0.4, 1.6) from level l=4 to l=1 respectively. 

 
Figure 16:  Example of Janus Dataset with associated groundtruth. 
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Due to lack of annotated datasets for background subtraction from moving camera, to train and 

validate the proposed model, we created Janus Dataset, a dataset of synthetic videos created in 

Unreal4 game engine. The dataset includes city, forest, beach, and castle scenes. We used various 

3D models with animations and applied simple AIs to let them move randomly and intermittently. 

We set the camera above the ground and let it move and rotate randomly between frames. For each 

environment, we captured 10 to 20 videos, each with 200 frames, and each having different lighting 

effects, object positions, etc. We then used the Airsim package [SD+18] to generate the ground 

truth segmentation. 

Since optical flow itself does not rely on the foreground segmentation, to provide a good 

initialization to our model, we first train the optical flow sub-network on the Flying Chairs 

[DF+15] dataset until the loss converges. Then we train one batch on optical flow using Flying 

Chairs dataset and then the second batch on foreground segmentation using Janus Dataset and so 

on. Janus Dataset is split into training and validation videos where the training videos include city, 

forest, and beach scenes, and the validation videos include the castle scene.  

We used various data augmentation techniques: adding Gaussian noise, random rotation, random 

resize, random shift, random flip, artificial motion blurs, so that the trained model does not overfit 

on the relatively small Unreal4 training videos. To train the model, we used Adam optimizer with 

starting learning rate of 1e-4 and gradually decreased the learning rate. The training was continued 

until the learning rate reached 1e-8. 

 

3.4 Testing and Evaluation: 
We evaluated the JanusNet model both quantitatively and qualitatively over a number of standard 

datasets as well as inhouse datasets. 

3.4.1 Quantitative Evaluation 

We performed quantitative evaluation of the model and its different components using a labeled 

validation dataset. The results of the evaluation are shown in the table below: 

Table 3: Performance of JanusNet on a labeled validation dataset. 

 

Here, precision and recall are measured pixel-wise against ground truth.  We also compared the 

updated network against several different state-of-the-art approaches on standard CDnet14 dataset, 

which is a widely used foreground segmentation dataset. Our updated network JanusNet, reached 

F-Measure of 0.56 (compared to the previously reported 0.53) which is similar to Gaussian 
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Mixture Model (GMM) [YM+18] and Kernel Density Estimation (KDE) [ED+02]. On the other 

hand, Foreground Segmentation Network version 2 (FgSegNetV2) [KSJ16] and Deep 

Convolutional Neural Network for Background Subtraction (DCBS) [BDR17] outperform our 

model on this dataset (see Table 4 below). However, JanusNet has several advantages over these 

approaches:  

i) JanusNet is much smaller and faster; 

ii) JanusNet is more general; FgSegNetV2 requires training on the exact scene. DCBS 

requires a corresponding background image, which is usually not available in 

practical scenarios;  

iii) JanusNet works on both stationary and moving cameras. While FgSegNetV2 can 

handle some camera motion, it is limited in this capability as it must be trained on 

the same scene. 

 

Table 4: Comparison with the state of the art on CDNet14 

 

3.4.2 Results on UAV Videos 

We also compare algorithms on UCF Aerial and Kaggle Drone videos datasets. To our knowledge, 

there is no benchmark UAV foreground segmentation datasets with ground truth labels, so we only 

compare the algorithms visually as shown in Fig 17.  From the visual comparisons, our method 

outperforms existing algorithms on UAV videos (column 1-4) as our method successfully 

separates foregrounds and backgrounds while other algorithms detect too many false positives. 

Other algorithms have too many false positives because these algorithms are built upon the 

stationary camera assumption. FgSegNet, FgSegNetV2, and DCBS are not applicable for these 

videos because FgSegNet and FgSegNetV2 require labelled frames to train on these scenes first, 

and DCBS requires background images for these scenes, but both are not available. Our results on 

moving camera on these videos are significantly improved from the previously reported results as 

well. Those results (on the first 4 videos are shown in Figure 17). 
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Figure 17:  Performance on various videos. Column 1 is from UCF Aerial Action, Column 2-4 are from 

Kaggle Drone Videos, Column 5 is from DAVIS Dataset. Column1-4 are videos from moving UAV cameras, 

the camera is also moving in the DAVIS dataset. You can see the camera movements from the "Diff" (frame 

difference) row.  
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3.4.3 Qualitative Results on Stationary and Moving Camera Videos from Standard Data-

sets 

We also tested the performance of the algorithm on new datasets containing videos from a variety 

of scenarios taken from both static and moving cameras. Some of the results from these datasets 

are shown below: 

 

 
Figure 18:  Background-foreground separation results on a video from moving camera. 

 

 

 

 
Figure 19:  Background-foreground separation results on a baseball video taken from moving camera.  
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Figure 20:  Background-foreground separation results on a synthetic video from a simulated camera on a 

UAV platform.  

 
Figure 21:  Background-foreground separation results on a video from a UAV camera.  

 
Figure 22: Background-foreground separation results on a pedestrian video from stationary ground 

camera.  
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Figure 23:  Background-foreground separation results on a video from stationary camera where marbles 

are dropped from top to bottom.  

 
Figure 24:  Background-foreground separation results on a video from moving camera.  

 
Figure 25:  Background-foreground separation results on a traffic video from a stationary camera.  
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Figure 26:  Background-foreground separation results on a video from stationary camera.  

 

 
Figure 27:  Background-foreground separation results on a video of a swimmer from moving camera.  

 

3.4.4 Real-time Detection of Moving Pedestrian and Vehicles from In-house UAV Videos 

We also tested the JanusNet system for the task of real-time detection of moving pedestrian 

and vehicles using UAV videos collected using our hex-rotor. Figure 28 and 29 show that 

the system is able to detect moving pedestrians and vehicles and provide focus-of-attention 

to the areas associated with these targets that enable advanced processing.  
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Figure 28:  Real-time detection of moving vehicles on two inhouse UAV videos. 
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Figure 29:  Real-time detection of moving pedestrians on two inhouse UAV videos. 
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3.5 Implementation of an End-to-End Software to Enable Robust Detection of 

Moving Targets in Videos: 
 

During the Phase II effort, we ported the moving target detection technologies to an end-to-end 

software that was built using a Robotic Operating System (ROS)-based software architecture and 

optimized for real-time processing.  

3.5.1 ROS-based Software Architecture 

The software system is based on ROS, which provides a development and running platform for 

real-time systems. The functions of the system are implemented in a series of ROS nodes.  

Real-time Computer Vision (RTCV) Processing Pipelines   

The pipelines for RTCV processing are implemented based on ROS nodes. The ROS nodes can 

be configured to work together for different processing streams (Fig. 30), e.g. insert various 

processing nodes in the pipeline.      

 

 

Figure 30:  RTCV processing pipelines 
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Web-based Client   

The client software of the system provides a real-time interface to access the status of the system, 

as well as the real-time images/video and the results of RTCV processing.  

The web-based client is implemented based on the ROS bridge toolkit. A web server and a 

websocket server are deployed on the edge device as shown in Fig. 31. The client Graphical User 

Interface (GUI) is implemented by a set of web pages. The web pages communicate with ROS 

nodes through the websocket server.  

 

Figure 31:  Web based client for ROS system 

The system also supports real-time streaming of images/video. The web pages on the client side 

can display the video from cameras or the overlay images with RTCV processing results. The 

video stream is supported by two ways: (1) the RTCV processing nodes encode the images and 

send over RTP)/RTSP video stream, and (2) a web video server forwards images published by 

ROS topic over HTTP video stream (Fig. 32). The former is flexible and is able to process all 

intermediate images/video in the system (that may possibly be missed in a live onboard system), 

so is better for system debugging and testing. The latter can utilize dedicated hardware of Jetson 

Nano and therefore uses less CPU/GPU resource, which is better for run time system.  
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Figure 32:  Video stream from server to client 

Status Monitoring and Control   

A ROS node is used to monitor the status of other working nodes. It generates an active report 

based on the diagnostic status or heartbeat from other nodes.  

The working status of the ROS nodes could be controlled by dynamic reconfigure or specific ROS 

services. A ROS node is also used to run shell scripts upon request via ROS service.   

The web-based client provides a user interface for status monitoring and control.  

 

3.5.2 Real-Time Computer Vision (RTCV) Processing Pipelines 

The software system is designed to support different RTCV processing pipelines to support 

different applications, by combining a set of ROS nodes.   

Foreground Detection 

The general purpose of foreground and background separation is to differentiate the pixels of the 

image to the foreground part and the background part. In practice, the foreground part is usually 

defined as the pixels that belong to the significantly moving objects. So, the foreground detection 

and moving objects detection are identical in some contexts.  

 

The common processing stream for the foreground detection system is shown as Fig. 33. The 

original video from the camera and/or the overlay video with foreground mask (indicated by the 

dotted lines in Fig.33) can be recorded to the local file system or streamed to the client side.   
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Figure 33:  Foreground detection pipeline 

The system supports different algorithms for foreground detection, for comparison and 

benchmarks. If the algorithm is implemented in C++, it can be loaded by a wrapper ROS node 

from external libraries (Fig. 34). If the algorithm is implemented in Python, it can be wrapped as 

a single ROS node (Fig.35).    

 

 

 

 

Figure 34:  Foreground detection algorithms 
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3.5.3 Software Optimization 

The aim of software optimization is to utilize the maximum capabilities of the hardware. The 

software is designed and optimized to utilize Jetson Nano dedicated hardware including the CPUs, 

GPU, Video Image Compositor (VIC), and Nvidia Encoder (NVENC).  

OpenCV-based design    

The basic system design is based on OpenCV. OpenCV provides software components to acquire 

images from the camera, write the images to file, or send the imagery to a network stream. By 

using GStreamer plugins from Nvidia as the backend, OpenCV can access Jetson Nano’s CSI 

(Camera Serial Interface) camera and other dedicated hardware, as is shown below (Fig. 35).  

 

Figure 35:  OpenCV based ROS nodes for foreground detection  

In this design, the image processing stream is broken into three ROS nodes, the image is exchanged 

between ROS nodes using ROS topic. This design follows ROS convention and provides the most 
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flexibility to reconfigure and reuse the ROS nodes. The system can run on PC or Jetson Nano, 

working with live video from camera or video file.  

DeepStream based design  

Nvidia DeepStream SDK supports high performance image processing streams by accessing the 

dedicated Nvidia hardware (including Jetson Nano hardware). Following the DeepStream 

framework, a processing pipeline can be implemented in two ways: (1) create a library for the 

foreground detection algorithm and set it as a custom model for DeepStream ncinfer plugin (Fig. 

36), and (2) create a custom DeepStream plugin to complete foreground detection (Fig. 37).   

 

Figure 36:  Custom model for DeepStream pipeline  
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Figure 37:  Custom DeepStream plugin 

4. Conclusion 
The Novateur Team has developed novel technologies for efficient background separation in both 

static and moving camera systems. The proposed background separation algorithms overcome 

several key limitations of the state-of-the-art methods that include: i) high computational demands, 

and ii) inability to handle sensor motion. These limitations of the traditional approaches for 

background separation severely reduce their applications in many modern applications. For 

example. Unmanned aerial vehicles (UAVs) are now widely used for both commercial and 

intelligence, surveillance, and reconnaissance (ISR) applications. Almost all of the existing UAV 

systems are equipped with one or more video sensors along with processing systems that can be 

used for onboard exploitation of video streams from sensors. However, the imagery from most of 

these sensors is either not automatically exploited at all or only exploited on the ground where 

more computational power is available for this task. Furthermore, a major factor in the recent UAV 

market growth is the proliferation of small-sized UAV platforms that are increasingly being 

developed for private, commercial and military use. These platforms have strict size, weight, and 

power (SWaP) limitations, that is, the onboard computations and sensor exploitation has to be 

performed on low-power and light-weight processing units. However, existing solutions are based 

on technologies that inherently require large computation resources. Typical solutions rely on 2D 
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mosaicking and 3D voxel-based modeling to handle platform motion that require power-hungry 

parallel processing units (GPUs, etc.) and do not lend themselves to small platforms regardless of 

software optimization techniques used. The proposed technology breaks new ground in efficient 

handling of platform motion under SWaP constrained environment by using novel sparse 

computational frameworks and low-rank subspaces. It enables automatic detection of targets-of-

interest onboard the platform (with limited computational power) and therefore adds tremendous 

value to UAV systems. 
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