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ABSTRACT 

  

In this research, we focus on algorithm development and system design for resource-efficient 

portable video communication system design and their application in wildlife monitoring and 

interaction tracking. The capability of seeing what an animal sees in the field is very important 

for wildlife activity monitoring and research. We design an integrated video and sensor system, 

called DeerCam and mount it on free-ranging animals so as to collect important video and sensor 

data about their activities in the field. From the video and sensor data collected by DeerCam, 

wildlife researchers will be able to extract a wealth of sciatic data for studying the behavior 

patterns of wildlife species and understanding the dynamic of wildlife systems.  

 In this dissertation, we focus on the following four tightly coupled research issues: 

(1) Energy minimization. Video compression is computationally intensive and energy-

consuming. However, portable video communication devices for mobile video monitoring, 

especially those in wildlife monitoring and environmental tracking, are often small in size and 

light in weight. They have limited energy supply for data processing. One of the central 

challenging issues in portable video communication system design is to minimize the energy 

consumption of video compression so as to extend the operational lifetime of devices. In this 

research, we develop joint power-rate-distortion (P-R-D) methods and algorithms for complexity 

control and energy minimization of portable video encoders. We demonstrate that, given a video 

encoder, which has already been fully optimized using existing software and hardware 

techniques, we can further reduce its energy consumption significantly using P-R-D.    
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(2) Intelligent resource allocation and utility maximization. The objective of video-based 

wildlife monitoring is to collect important visual information about animals’ activities in the 

field for behavior modeling and other wildlife research tasks. Therefore, the overall system 

performance should be measured by the utility of video data collected by the DeerCam system 

for wildlife research purposes (e.g. behavior modeling). In this research, we develop methods to 

maximize the utility function under resource constraints.  

(3) Efficient image encoder. Because of animal motion, the video samples captured by the 

animal-mounted DeerCam system often suffer from dramatic motion and content change. In this 

case, a significant amount of video frames and image regions are encoded with the INTRA 

mode. Furthermore, the image data often has a significant amount of high-frequency structural 

components, such as trees and grasses.  How to develop an image / video compression scheme to 

efficiently represent and encode structural components becomes an important problem in our 

research. To address this issue, we explore various approaches, including local structure 

prediction to efficiently learn, predict, represent, and encode local image structures, super-spatial 

structure prediction to find an optimal prediction of structure components within the previously 

encoded image regions, and inter-structure prediction to find an optimal prediction of structure 

components within the encoded structure components. Our extensive experimental results 

demonstrate that the proposed methods are very competitive and even outperform the state-of-

the-art image compression methods. 

(4) Animal interaction detection for event-driven wildlife monitoring. The inter- and intra-

specific interaction of wildlife animals is one of the most interesting activities to wildlife 

researchers. Video accounts of interactions could aid in disease transmission modeling by 

revealing the frequency and nature of contacts between animals. Many wildlife diseases, such as 
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chronic wasting disease (CWD), have been a central challenge to wildlife managers. Therefore, 

we develop an animal interaction detection method using supervised learning methods. By 

integrating this detection functionality into our DeerCam, it is able to detect events of animal 

interactions which will trigger the on-board video encoding system to encode video samples. 

This will significantly reduce the amount of video data to be encoded and improve the utility of 

the visual sensing data. It will also provide important reference for sub-sequent wildlife behavior 

analysis.   
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CHAPTER 1 

INTRODUCTION 

  

1.1 Background 

The biological relationship between wildlife and humans has never been more 

intertwined. Outbreaks of infectious wildlife diseases, such as chronic wasting disease 

(CWD), threaten wildlife populations, human life, food safety and our national economy 

[1]. Due to the limitations of current wildlife monitoring technologies, the behavior of 

free-ranging animals, the dynamics of wildlife systems, and the spread of some wildlife 

diseases remains largely unknown to us. Lack of scientific knowledge about the 

behavioral interactions and dynamics of wildlife systems significantly limits our ability to 

effectively manage wildlife resources and control wildlife diseases. For example, in 

current practice, one choice to fight against wildlife diseases such as CWD is removal of 

all individuals within an area of an outbreak, since we have little knowledge about how 

the disease might propagate within the dynamic wildlife system. Clearly, this approach is 

ineffective and damages the national economy. Therefore, there is a pressing need to 

develop a new generation of technologies to monitor wildlife behaviors and interactions 

and study the dynamics of wildlife systems.  

In the past few decades, engineers and wildlife researchers have been developing 

advanced communication technologies for wildlife monitoring [1, 2]. The state-of-the-art 

technologies for wildlife monitoring are radio tracking and sensor networks. Radio 
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tracking uses a radio transmitter or receiver (attached to an animal) to collect its location 

information [1]. There are three distinct types of radio-tracking technologies that are in 

use today: very high frequency (VHF) radio tracking [3], satellite tracking [4], and 

Global Positioning System (GPS) tracking [1, 5]. Recent technological advances in 

hardware miniaturization of sensors, low-power microprocessor design, and wireless ad 

hoc networking have enabled the deployment of large-scale wireless sensor networks 

(WSN’s) [6, 7, 9, 10]. The WSN technology provides the research community an 

enabling platform to simultaneously monitor a large group of free-ranging animals at 

granular scales. For example, ZebraNet, developed at Princeton University [5], utilizes 

GPS-based radio tracking and sensor networks to track the movement of a group of 

zebras and study animal migrations and inter-species interactions. GPS receivers are also 

used for animal tracking in Telenor R&D’s Electronic Shepherd project [8] and UC 

Davis’s Southern California Puma Project [11]. Embedded sensor networks have been 

developed by the research teams at UC Berkeley [13], UCLA [12], as well as in Australia 

[14] for habitat and health monitoring, using sensors to collect temperature, humidity, 

and other biological information on research animals.  

However, the aforementioned wildlife monitoring technologies do not offer visual 

information. Looking back at the history of wildlife research, we find that wildlife 

researchers have been pursuing a dream, a dream to see what the animals see in the field 

without disturbing their natural behaviors, in a cost-effective way. Wildlife researchers 

have found that for accurate behavior analysis and interaction modeling, it is imperative 

to obtain some visual information about the animal’s activity, its resource selection, as 

well as the environmental context of the behavior [15]. Otherwise, we are kept “blind” 
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from the animals and fail to understand important behavioral attributes of wildlife species. 

For example, with animal’s location only, we do not know what the animal is doing, how 

it is doing, and why it is doing like this. Recent research [18] also shows that by not 

considering what the animal is doing at these point locations, the researcher may obtain a 

biased estimate of animal’s resource selection and behavior patterns. Wildlife researchers 

have also observed that pooling across behaviors within different environmental contexts 

will de-emphasize the importance of some habitats for critical behaviors [18]. This is 

perhaps the most important technological challenge in wildlife tracking studies.  

Another important reason for collecting visual information about animals’ activities is 

interaction modeling for disease tracking and control. Most epidemic wildlife diseases 

spread through direct animal contacts (e.g., via direct contact with saliva) and animals’ 

interactions with the environment and other species. With current technologies, all we 

have available for analysis is a series of approximate location and movement estimates 

for a number of animals, and we do NOT know whether animals are directly interacting 

or not. By collecting and analyzing direct visual information, we can study the animal’s 

close interactions with other animals and their environment, which enables us to 

understand the dynamics of wildlife systems and to develop quantitative propagation 

models for wildlife diseases.  

In this dissertation, we will present our research effort on resource-efficient portable 

video communication system design for wildlife activity monitoring and interaction 

tracking. More specifically, in this research project1, we will design an integrated video 

                                                                 
1
This project is funded by National Science Foundation in collaboration with University of Florida. 
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encoding and sensor data collection system, called DeerCam, and deploy it on animals to 

collect important video and sensor information about animals’ daily activities in the field 

over an extended period of time. With intelligent information analysis and fusion, we are 

able to study animals’ behavior patterns and answer many challenging wildlife research 

questions. We present our DeerCam system architecture, discuss the major design 

challenges, and present our approaches to addressing these challenges.  

 

 

Figure 1.1: Illustration of wildlife activity monitoring using DeerCam. 

 

1.2 System Framework, Design Goals and Challenges 

In this section, we describe the proposed system framework for wildlife activity 

monitoring, explain our design goals, and discuss major design challenges.  

 

1.2.1 System Framework  

Figure 1 illustrates our proposed framework for wildlife activity monitoring. We 
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design an integrated video encoding and sensor data collection system, called DeerCam, 

and mount it on animals. The DeerCam captures video information about animal’s daily 

activities in the field, compresses the video data and stores the bit stream in an on-board 

storage device. We realize direct wireless data transmission is very difficult because 

wireless signals attenuate dramatically when the animal moves away, especially in 

forested terrain. According to our experience, the average transmission distance is only 

about 20 meters in a wooded area. Therefore, we choose to temporarily store the 

compressed video data on-board. We also set up several wireless access points near 

places where the animal visits often, for example, food stations. When the animal returns 

repeatedly to one of these access points, the compressed video data is uploaded through 

wireless transmission to a video server in a ground monitoring unit, which connects to the 

wireless access point via an Ethernet cable. In addition, at the completion of the planned 

experiment, the DeerCam system can be physically retrieved and the video data can be 

then directly downloaded to a computer for further analysis.  

Besides video data, the DeerCam system is also equipped with a suite of sensors, such 

as accelerometer, GPS, temperature, and light sensors, on-board to collect various aspects 

of information regarding animal activity in the field. From the video data, assisted by 

intelligent computer vision algorithms (e.g. objects detection and classification), we will 

be able to extract important information regarding animal food selection and activity 

patterns, fuse it with sensor data, and use the resulting data to study animal’s behavior 

patterns at different times, locations, and environmental contexts and answer important 

wildlife research questions pertaining to wildlife resource management, interaction 

tracking, and disease propagation modeling.  
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We call the proposed system for wildlife activity monitoring DeerCam and select 

deer as the study subject for the following three major reasons. Firstt, recent CWD 

outbreak and associated national initiatives are related to deer [15]. For example, recent 

outbreaks of CWD in many U.S. states (e.g., Colorado, South Dakota, Illinois, Nebraska, 

Kansas, Wisconsin, etc.) have caused significant economical loss and posed a potential 

threat to human health [25]. Second, deer are the most ubiquitous large mammal in the 

U.S., thus deer diseases potentially impact everyone in the nation. Third, deer are simply 

a starting point for this research and eventually the technologies developed in this project 

will be applied to other species, especially with the advances in hardware miniaturization 

of sensors [9, 26].  

 

1.2.2 Design Goals and Challenges  

There are two basic approaches to wildlife activity monitoring: passive and animal-

mounted. In the passive approach (also called camera traps), the camera and sensor unit is 

deployed on trees or other fixtures to capture images of animals when they pass by. This 

passive approach, because of its relative simplicity in system design and deployment, has 

been widely used in wildlife activity monitoring. For a detailed review of passive camera 

traps, see [16, 17]. The animal-mounted approach, which mounts the camera and sensor 

unit directly on live animals, is much more technically challenging. However, it has the 

capability of seeing what the animal sees in the field and collecting direct and exact 

information about animal activities and their environmental contexts. Furthermore, 

because the system moves with the animal, it is able to observe animal activities 
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anywhere anytime, revealing rare behaviors that we have never been able to see before.  

A. Design Goals  

In this project, we choose the second animal-mounted approach because of its 

significant impact in wildlife activity monitoring. Our design goal is long-lived and 

unobtrusive wildlife video monitoring. We would like to collect the animals’ activity 

information under various environmental settings for 6 months. The long observation 

period is typically necessary for wildlife behavior study, especially for behavior pattern 

analysis across multiple seasons [5, 15]. Unobtrusive observation is essential for studying 

natural behaviors of animals. To this end, the sensing devices attached to animals should 

be light-weight such that the impact on animals’ health and the disturbance to their 

natural behaviors are minimized. A generally accepted rule is that the weight of attached 

devices (including battery) should be less than 5% of the animal’s body weight [23]. 

Smaller percentages are recommended for avifauna due to the increased energetic 

demands of flight and the sensitivity of avian reproductive success [24]. Another 

important aspect of unobtrusiveness is that, once the device is deployed, it should not 

require re-capture of the animal to change batteries or re-configure the system.  

B. Design Challenges  

The unique requirements in wildlife activity monitoring pose significant challenges in 

system design. More specifically, we face four major challenges and in the following, we 

will explain these challenges in more detail.  

(1) Energy minimization  
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As discussed above, the DeerCam system is expected to operate for an extended 

period of time, for example 3 months, to allow cross-season behavior monitoring, and 

more importantly, battery change is not allowed once the system is deployed. According 

to our experience, batteries typically contribute to a majority (about 70-90%) of system 

weight, as we can see from Figure 1.1. The unobtrusiveness requirement indicates that 

the system weight should be kept as light as possible. This implies that the number of 

batteries attached to the system should be kept as few as possible and the amount of 

energy supply is thus very limited. In video-based wildlife activity monitoring, digital 

video data is voluminous, which has to be efficiently compressed before being stored or 

transmitted. However, efficient video compression often involves highly sophisticated 

motion prediction, transform, and coding schemes and is computationally intensive and 

energy-consuming [19]. Therefore, energy minimization of video encoding and lower-

power system design is the most important challenge in DeerCam system design.  

(2) Intelligent resource allocation and utility maximization  

The objective of video-based wildlife monitoring is to collect important visual 

information about animals’ activities in the field for behavior modeling and other wildlife 

research tasks. Therefore, the overall system performance should be measured by the 

utility of video data collected by the DeerCam system for wildlife research purposes (e.g. 

behavior modeling). Therefore, our design objective is to maximize the utility function 

under resource constraints. As we will discuss in more detail in Chapter 2, the system 

resource (bit and energy) consumption is controlled by a set of parameters. How to model 

the inherent relationship between resource control parameters and the video data utility, 

and how to optimally configure these control parameters so as to maximize the utility 
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function under resource constraints are challenging issues in DeerCam system design.  

(3) Efficient image compression 

Because of animal motion, the video samples captured by the animal-mounted 

DeerCam system often suffer from dramatic motion and content change, as we can see 

from Figure 1. 2. In this case, a significant amount of video frames and image regions are 

encoded with the INTRA mode. Furthermore, the image data often has a significant 

amount of high-frequency structural components, such as trees and grasses, as we can see 

from Figure 1. 3.  How to develop an image / video compression scheme to efficiently 

represent and encode structural components becomes an important problem in our 

research. To address this issue, we explore various approaches, including local structure 

prediction to efficiently learn, predict, represent, and encode local image structures, 

super-spatial structure prediction to find an optimal prediction of structure components 

within the previously encoded image regions, and inter-structure prediction to find an 

optimal prediction of structure components within the encoded structure components. 

Our extensive experimental results demonstrate that the proposed methods are very 

competitive and even outperform the state-of-the-art image compression methods. 
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(a) frame 162 

 

(b) frame 163 
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(c) frame 164 

Figure 1.2: Three consecutive frames of a video clip that was captured by DeeCam. 

They suffer from dramatic content change. 

 

 

(a) 
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(b) 

Figure 1.3: Two frames of video clips that were captured by DeerCam. They contain 

a significant amount of tree or grass structures. It is important to efficiently represent and 

encode these high-frequency structure components.  

 

(4) Animal interaction activity detection 

The inter- and intra-specific interaction of wildlife animals is one of the most 

interesting activities to wildlife researchers. Video accounts of interactions could aid in 

disease transmission modeling by revealing the frequency and nature of contacts between 

animals. Many wildlife diseases, such as chronic wasting disease (CWD), have been a 

central challenge to wildlife managers. Therefore, we develop an animal interaction 

detection method. By integrating the animal interaction detection functionality into our 

DeerCam, DeerCam could provide crucial information about contact rates necessary to 

understand potential disease spread.  
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The animal interaction detection provides very important information for the energy 

minimization and storage saving of DeerCam as well. DeerCam can record the video only 

when the animal interaction is detected.   

 

1.3 Thesis Outline 

The rest of the thesis is organized as follows. In Chapter 2, we present our various 

approaches to address the first two challenges: Energy minimization and Intelligent 

resource allocation and utility maximization of energy-aware portable video 

communication system for wildlife activity monitoring. We develop joint power-rate-

distortion (P-R-D) algorithms for complexity control and energy minimization.  We also 

develop methods to maximize the utility function under resource constraints. We 

demonstrate that by incorporating the third dimension of power consumption into 

conventional R-D analysis, P-R-D analysis gives us one extra dimension of flexibility in 

resource allocation and energy minimization, and allows us to significantly reduce energy 

consumption.     

In Chapter 3 - Chapter 6, we propose several approaches to address the third 

challenge: Efficient image compression. As we know, one major difficulty in image 

compression is to efficiently represent and encode high-frequency structure components 

in images, such as edges, contours, and texture regions. We also know that images are 

non-stationary source data and it is important to learn local image structures and adjust 

the image representation and prediction scheme in an adaptive manner. Motivated by this 

knowledge, in Chapter 3, we propose a scheme so-called local structure learning and 
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prediction to learn local image structures and efficiently predict image data based on this 

structure information. Our extensive experimental results demonstrate that this scheme 

outperforms the state-of-the-art lossly image compression schemes such as JPEG2000. 

In Chapter 4, we extend the technique of local structure learning and prediction 

approach to lossless image compression. Our extensive experimental results demonstrate 

that the proposed method outperforms the state-of-the-art lossless image compression 

schemes such as Content Adaptive Lossless Image Coding (CALIC).  

In Chapter 5, we develop an efficient lossless image compression scheme called 

super-spatial structure prediction. This super-spatial prediction is motivated by motion 

prediction in video coding, attempting to find an optimal prediction of structure 

components within previously encoded image regions. Our extensive experimental results 

demonstrate that the proposed scheme is very competitive and even outperforms the 

state-of-the-art image lossless compression methods. 

We observe that in super-spatial structure prediction, the optimal prediction 

references of image structure components to be encoded are usually the previously 

encoded structure components. We can limit the search range of those prediction 

references to the previously encoded structure components to reduce the searching time 

with slightly decreased prediction accuracy. Motivated by this idea, in Chapter 6, we 

develop an efficient image compression scheme based on inter-structure prediction. This 

so-called inter-structure prediction attempts to find an optimal prediction of structure 

components within the encoded structure components. We consider only lossless image 
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compression. Our extensive experimental results demonstrate that the proposed scheme is 

very competitive. 

In Chapter 7, we address the fourth challenge:  Animal interaction activity detection. 

We develop an animal interaction detection method using supervised learning methods. 

By integrating this detection functionality into our DeerCam, it is able to detect events of 

animal interactions which will trigger the on-board video encoding system to capture 

video samples. This will significantly reduce the amount of video data to be encoded and 

improve the utility of the visual sensing data. It will also provide important reference for 

sub-sequent wildlife behavior analysis. 

We summarize this dissertation in Chapter 8.  
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CHAPTER 2 

ENERGY-AWARE PORTABLE VIDEO 

COMMUNICATION SYSTEM DESIGN FOR WILDLIFE 

ACTIVITY MONITORING 

 

As discussed in Chapter 1, the unique requirements in wildlife activity monitoring 

pose significant challenges in system design. In this Chapter, we address two of these 

challenges: (1) energy minimization, and (2) intelligent resource allocation and sensor 

data utility maximization. 

 

2.1 DeerCam System 

In this section, we introduce our DeerCam system design, explain its central scheme 

in resource control, and characterize its behavior in resource utilization.  

 

2.1.1 DeerCam System Design  

Figure 2.1 shows the camera and sensor unit of our DeerCam system. The size of this 

unit is about the size of a PDA. It is based on Crossbow Stargate and Mote [27]. It has the 

following major components: an embedded 400 MHz Intel PXA255 XScale 

microprocessor, a USB-camera for video capture, a PCMCIA card for 802.11-based 

wireless data transmission, a Compact Flash (CF) card for storing compressed video bit 
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streams, and a multi-sensor board with accelerometer, GPS, temperature, and light 

sensors. The system also includes a drop-off control unit whose functionality will be 

explained in the following section. The video data captured by the digital camera is 

compressed by an energy-efficient MPEG-4 video encoder [19] operating on the 

embedded microprocessor. The compressed bit streams are temporarily stored in the 4.0 

G Bytes CF card. We deploy several wireless routers near places (e.g. a food station) that 

the animal visits often. When the animal comes within the communication range of the 

router, the wireless transmission module will be activated to upload the compressed video 

data to a router and release the storage space in the CF card, as illustrated in Figure 2.1.  

 

 

Figure 2.1: Major components in the camera and sensor unit of the DeerCam. 

 
Figure 2.2 (a) shows the camera and sensor unit attached to a collar. There are two 

sets of batteries, one on each side of the collar. Inside the collar, there is an inner tube 

which is filled with air and the air pressure is adjusted such that the collar can be 

comfortably fitted onto the animal’s neck, as shown in Figure 2.2 (b). At the top of the 

collar, there is a drop-off unit which is controlled by the drop-off control unit as shown in 
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Figure 2.1. The drop-off control unit has a timer which allows us to set a specific time for 

the drop-off collar to release. The drop-off can be also triggered by other conditions, such 

as end of battery lifetime. To trigger the drop-off, the control unit generates a high-

voltage signal which causes a squib inside the drop-off unit to fire. When the squib fires, 

gas pressure is generated, moves a bolt inside the unit, and releases the collar. Once 

dropped off, the collar sends out a radio signal repeatedly so that we can track it in the 

field and retrieve the system.  

Another technical challenge in DeerCam system design is housing the system. A 

rugged housing is critical for protecting the system from damages, moisture, water, and 

extreme weather conditions. Wildlife species are often aggressive. They may smash or 

rub the system against trees. In our DeerCam system design, we have paid special 

attention to rugged housing design, as shown in Figure 2.2. Another important issue is 

whether the DeerCam system will affect the animal’s health and change its behavior. 

According to recent studies [15], if the animal-mounted device weighs less than 3% of 

the animal body weight, the device won’t have an negative impact on its health. Our 

research animals weigh approximately 160 pounds. Our current DeerCam system shown 

in Figure 2.2 (a) weighs about 4 pounds, which is well below the weight threshold. Our 

research has not revealed changes in the behavior pattern of the animal.  
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Figure 2.2: (a) Configuration of the DeerCam system; (b) a DeerCam system 

deployed on a deer. 

 

2.1.2 Duty Cycle-Based Operation  

Video encoding is energy-consuming. The limited batter power and the long lifetime 

requirement prohibit us from continuous video monitoring. In addition, from the wildlife 

behavior analysis perspective, there is also no need to collect video continuously for 6 

months. Therefore, we use a duty cycle-based operation scheme in the DeerCam system, 

as illustrated in Figure 2.3 (left). Once the video sensor (Stargate) is waken up, it captures 

and encodes a short video segment (for example, 30 seconds) about the animal’s activity, 

and goes back to the sleep state again. Each encoded video clip is called a video sample. 

The duty cycle can be characterized by three major parameters: average video sample 

duration  , average sampling interval  , and picture quality  . In video compression, the 

picture quality is often measured by MSE (mean squared error) distortion.  

We observe that configuration of these three duty-cycle parameters should be event-

driven and should depend on the current activity state of the animal. In this project, we 
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use a multi-level sensor-driven duty-cycle design, as illustrated in Figure 2.4 (b). More 

specifically, the low-power Mote sensor in our DeerCam system operates continuously, 

collecting acceleration, audio, and GPS data. The multi-level duty cycle has four major 

levels. At the bottom level, there is a baseline duty cycle which wakes up the video 

sensor on a regular basis (for example, sun rise and sunset) or based on a preset schedule. 

On top of this, there are three levels of duty cycles triggered by acceleration, audio, and 

GPS sensors. From the temporal pattern of acceleration data, we can tell the major 

activity types, such as bedding / standing, walking, running, and eating, as shown in 

Figure 2.5 (a). A sudden change in the audio signal, for example, animal screaming, often 

indicates an interesting event. From the GPS data, we can tell if the animal approaches 

interesting habitats or areas. From this set of sensor data, we try to estimate what is the 

animal is doing and determine if this is an interest event. If so, the video sensor will be 

waked up to capture a video sample about the animal activity and its environment context. 

Based on the animal activity and event types, we can configuration of those three duty-

cycle parameters         accordingly. For example, when the animal is sleeping or 

resting, we can choose a very low sampling frequency; but when the animal is feeding or 

interacting with others, we would like to increase the sampling frequency, the sample 

duration, as well as the picture quality, if needed, to gather more detailed information. In 

Section 2.2.3-B, we will discuss how to configure these duty-cycle parameters so as to 

maximize the overall utility function under system resource constraints.  
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Figure 2.3: Duty cycle of video encoding and wireless transmission. 

 

 

Figure 2.4: (a) An example of acceleration data collected by DeerCam; (b) multi-level 

duty cycle design. 

 

2.1.3 Energy Characterization of the DeerCam System  

To optimize the energy consumption of DeerCam, the first step is to characterize and 

understand the energy consumption behavior of the system. Specifically, we need to 

know the energy consumption levels of major system components, such as the embedded 

CPU, mote sensor board, USB camera, and storage devices, at different system operation 

modes. To do this, we use the power measurement setup depicted in Figure 2.5 (a) and 
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follow a power consumption measurement procedure described in [28]. The operating 

voltage of the Stargate system is 3.8-5.0V [27]. During the video capturing and encoding 

process, only these required device components, such as camera and CF card, are turned 

on, while the remaining idle components on the Stargate, such as Ethernet connection, are 

configured to shut off. The video encoding pipeline has been optimized such that memory 

access is reduced as much as possible. According to our experience, for this type of 

wildlife activity monitoring videos with a size of CIF (         at 7-10 frames per 

second (fps), the average bit rate is about 400 kbps1. During wireless video transmission, 

the average bandwidth is 2-3 Mbps. Therefore, the required data transmission time is 

about 10-20% of the total video encoding time. Figure 2.5 (b) shows the fractions of 

energy consumption for major system components. Here, we assume that a low-power 

USB camera from Logitech with a current draw of about 73mA is used. It can be seen 

that the video encoder (processor) consumes a significant portion of the total energy and 

wireless transmission energy is about ¼ of the encoding energy due to delay-tolerant 

short-range wireless data transmission. Experimental studies in the literature (e.g. [29]) 

also show similar energy consumption behaviors of portable video devices in other 

communication settings, for example, live video streaming over wireless LAN.  

 

                                                      
1This is the average encoding bit rate for video samples of different animal activities, including feeding, bedding, walking, running, 
etc. 
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Figure 2.5: Average energy consumption of major components of the Stargate system. 

 

2.2 Power-Rate-Distortion Analysis for Video Encoding Energy 

Minimization 

As discussed in Section 2.1, most of the computational resources of the DeerCam 

system are used by the video encoder. Therefore, minimizing the video encoding energy 

plays a critical role in maximizing the operational lifetime of the DeerCam system. In this 

section, we present a power-rate-distortion (P-R-D) approach to video encoding energy 

minimization.  

To reduce the energy consumption of video encoders, a number of algorithms, 

software and hardware energy-minimization techniques, including low-complexity 

encoder design [30-32], low-power embedded video encoding [33, 34], adaptive power 

control [29, 35, 36], and joint encoder and hardware adaptation [37, 39, 40] have been 

developed. These algorithms focus on encoder complexity (and power consumption) 

reduction through heuristic adaptation or control instead of systematic energy 

optimization. This is because they lack an analytic model to characterize the optimum 
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trade-off between energy saving and encoding performance [19]. In addition, even with 

existing energy saving technologies, the operational lifetime of portable video electronics 

is still very short, which has become one of the biggest impediments to our technology 

future. Therefore, developing new energy optimization methods has become a urgent task.  

Recently, we have been exploring a new approach to video encoding energy 

minimizing using P-R-D analysis and optimization. The P-R-D analysis tries to answer 

the following important question: what is the minimum coding distortion (or maximum 

video quality) that we can achieve under bit rate and power constraints, and how we can 

achieve it? We recognize that, from an information-theoretic perspective, incorporating 

power consumption into classical R-D analysis for generic source coding is a very 

difficult problem. Therefore, we choose to attack this problem from a design-analysis-

optimization perspective. To successfully attack this problem, the following four major 

issues need to be carefully addressed: (1) The design problem - how to design an energy-

scalable video encoder so that we can control its energy consumption? (2) The modeling 

problem - how to model its P-R-D behavior? (3) The optimization problem -what is the 

minimum power consumption for a video encoder to achieve a target R-D performance, 

or what is maximum R-D performance of a video encoder under a power consumption 

constraint? (4) The control problem - how to accurately control the video encoder to 

achieve the minimum energy consumption or maximum R-D performance? In the 

following sections, we explain these four problems in more detail and present our major 

approaches to addressing these problems.  

 

2.2.1 Energy-Scalable Video Encoder Design and Operational P-R-D Analysis  
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Our basic approach to designing an energy-scalable video encoder is to introduce a 

set of complexity control parameters              to control (scale down) the 

computational complexity of major encoding operations of the video encoder. With DVS 

(Dynamic Voltage Scaling) 2 , a recently developed power control technology for 

microprocessors [31], this complexity-scalable video encoder can be translated into an 

energy-scalable video encoder [19].  

More specifically, the operational P-R-D analysis has the following three major steps. 

In the first step, we group major encoding operations into several modules, such as 

motion prediction, pre-coding (transform and quantization), mode decision, and entropy 

coding, and then introduce a set of control parameters                to control the 

power consumption of these modules. Therefore, the encoder complexity   is then a 

function of these control parameters, denoted by              . Within the DVS 

(dynamic voltage scaling) design framework [21], the microprocessor power 

consumption, denoted by  , is a function of computational complexity  , therefore, also 

a function of  , denoted by  

                                                                                  

where      is the power consumption model of the microprocessor [21]. For example, 

according to our measurement, the power consumption model of the Intel PXA255 

XScale processor used in DeerCam is shown in Figure 2.6 (solid line). It can be well 

approximated by the following expression  

                                                                                        

                                                      
2A number of sold processors, including the Intel XScale microprocessor used in many PDAs [38], support this DVS power control 

feature. 
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where   is a constant. In the second step, we execute the video encoder with different 

configurations of complexity control parameters and obtain the corresponding R-D data, 

denoted by                . Note that this step is computationally intensive and is 

intended for offline analysis to obtain the P-R-D model only.  

In the third step, we perform optimum configuration of the power control parameters 

to maximize the video quality (or minimize the video distortion) under the power 

constraint. This optimization problem can be mathematically formulated as follows:  

    
            

                                                                                    

where   is the available power consumption for video encoding. Given the R-D data 

set                  , this minimization problem can be easily solved using offline 

brute-force search. The optimum solution, denoted by      , describes the P-R-D 

behavior of the video encoder. The corresponding optimum complexity control 

parameters are denoted by    
       ,      . Figure 2.7 shows the P-R-D functions 

       for two test video sequences, “Foreman” and “Football”, both encoded by our 

complexity-scalable MPEG-4 encoder at CIF (352 × 288) size and 10 fps. We used two 

complexity control parameters, the number of SAD (sum of absolute difference) 

computations and the fraction of skipped macroblocks (MBs). Here, a fast algorithm, 

called diamond search, is used for motion estimation [22]. It should be noted that in both 

plots the encoding power is normalized by the maximum encoder power      where no 

complexity control is applied. 
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From those experimental results obtained in operational P-R-D analysis, we can see 

that the P-R-D functions have an exponential behavior. For the convenience of analysis, 

we propose to approximate them using the following model 

                                                                                   

Here,    represents the variance of encoded picture. If it is a motion predicted video 

frame, σ2 is the variance of the difference picture after motion compensation.   is a P-R-

D model parameter which characterizes the resource (bits and energy) utilization 

efficiency of the video encoder.      is the inverse power consumption function        

after proper normalization such that        and       . According to (2.2), we have  

      
 
                                                                                         

Here,       for the Stargate microprocessor. For other microprocessors with DVS 

capabilities, we typically have       [21]. 

To use this P-R-D model for real-time video encoding, there are two major issues that 

need to be addressed. Firstt, we need to estimate the P-R-D model parameter   in (  4) 

from real-time video encoding statistics. Second, we need to determine the optimum 

complexity control parameters    
       ,       of the video encoder for the input 

video segments. In our previous work [19], we observe that the P-R-D behavior of a 

video segment is closely related to its scene activity level, which is characterized by 

several feature variables, such as variance of motion vectors, Intra macroblock ratio, 

variance of difference pictures, etc. Based on this observation, we have developed a low-

complexity scheme to estimate   from motion statistics which can directly collected from 

the video encoder. To determine optimum complexity control parameters for a given 
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input video sequence, we use a learning and classification approach. More specifically, 

we set a large set of training video sequences, which have a wide range of scene activity 

characteristics. Using the operational P-R-D analysis procedure, we obtain the P-R-D 

model, i.e., the minimum distortion function        and the optimum complexity 

control parameters    
        for each video sequence. We then classify the training 

video sequences according to their scene activity levels into several (say, 5-7) clusters. 

Since the video sequences with each cluster have similar P-R-D behaviors, we can 

compute the average of their optimum complexity control parameters for each cluster and 

store it into a database. During real-time video encoding, we first classify the input video 

segment according to its scene activity level and determine its cluster. We then use the 

average optimum complexity control parameters of this cluster to control the input video 

segment.  

 

 

Figure 2.6: Power consumption model with DVS. 
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Figure 2.7: Operational P-R-D functions of “Foreman” (top) and “Football” (bottom) 

CIF videos encoded with MPEG-4 at 10 fps. 

 

2.2.2 P-R-D Based Energy Minimization  

Once the P-R-D model of the video encoder and the corresponding encoder 

complexity control parameters are obtained, we can then use this model to minimize the 

energy consumption of video encoding. By incorporating the third dimension of power 

consumption into conventional R-D analysis, the P-R-D analysis gives us one extra 

dimension of flexibility in resource allocation and opens up a host of new opportunities 

for energy minimization. In the following, we use two examples, (A) trade-off between 

computation and communication and (B) trading bits for joules (energy), to demonstrate 

how the P-R-D model can be used for energy minimization of portable video devices.  

A. Trade-off between Computation and Communication  

The P-R-D analysis enables us to explore the energy trade-off between computation 

(video encoding) and communication (wireless transmission) so as to achieve significant 

energy saving gain. According to the P-R-D model, video encoding power   is a function 
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of encoding bit rate   and distortion  , denoted by       . The wireless data 

transmission power    is given by        , where    is the energy cost that is needed 

for successful transmission of one data bit. It depends on transmission distance and path 

loss index [44]. This is a simplified model to demonstrate the energy tradeoff between 

video encoding and wireless transmission. In our case, it is reasonable because the delay 

is large and the transmission distance is relatively small and we can consider    to be the 

average transmission energy cost. For a given video encoding distortion (or equivalently 

picture quality)  , if we decrease the encoding power  , the encoder will generate more 

bits and a higher bit rate   is needed to achieve the target distortion This implies more 

power is needed for wireless data transmission. As illustrated in Figure 2.8, this leads to 

an energy tradeoff between video encoding and wireless data transmission. This suggests 

that, in many practical video encoding scenarios where the system has access to sufficient 

storage (or buffer) space or transmission bandwidth, the per-bit energy cost in wireless 

data transmission is relatively low, while the video encoder operates under severe energy 

constraints, we can lower the encoding power to an optimum level  , as illustrated in 

Figure 2.8 with a triangle, to minimize the overall power consumption. Our initial study 

shows that by exploring this type of energy trade-off between computation and 

communication, we are able to reduce the overall energy consumption by 30-60%, 

depending on the input video characteristics and wireless transmission condition. In 

practice, we need to consider fading channel and time-varying characteristics of input 

videos. For detailed treatment of this issue, see [41].  

 



31 
 

 

Figure 2.8: Energy tradeoff between video encoding and wireless data transmission. 

 

B. Trading Bits for Joules  

Our second observation is that, within the P-R-D analysis framework, the encoding 

power   is coupled with the encoding bit rate  . More specifically, for a given distortion 

 , the encoding power is a function of encoding bit rate, denoted by         . This 

implies that we can minimize the total power consumption of video encoding by 

performing optimum bit allocation, just like in optimum bit allocation in conventional R-

D analysis and optimization. To further illustrate this idea, let us consider the following 

example. Suppose we want encode a long video sequence on the DeerCam or a PDA with 

a bit budget    (say 2G bytes) at coding distortion    (say 34 dB). We partition the video 

sequence into   segments           . Let    and    be the encoding bits and 

power consumption used by   . According to the P-R-D model, we have             . 

Then, the energy minimization problem can be formulated as  
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Our major result can be summarized as follows: if the input video data is non-

stationary with time-varying scene characteristics, the P-R-D model enables us to explore 

the input source diversity, trade bits for joules (energy) between different video segments 

as outlined in (2.6), and achieve significant encoding energy saving by performing 

optimum bit allocation. In practice, a video scene under surveillance or monitoring often 

experiences a series of events with time-varying scene activity patterns. Therefore, the 

video sequence to be encoded by the portable device is often highly non-stationary. For 

example, in our DeerCam system, the animal has a wide variety of daily activities, such 

as feeding, walking, and bedding, which cause significant content changes in the input 

video. This observation also holds in personal video recording and many remote video 

surveillance applications. In [42], we demonstrate that, using this type of P-R-D based 

energy minimization, we are able to save the video encoding energy by up to 50%, 

depending on the non-stationary scene characteristics of the input videos. For a detailed 

treatment of this issue, see [42].  

 

2.2.3 Additional Energy Minimization Schemes for DeerCam  

Besides those two energy minimization schemes discussed in the previous section, we 

can also explore additional approaches for energy minimization based on the P-R-D 

analysis framework. In the following, we present two basic ideas to be further explored in 

our next step of research: (A) cross-layer energy minimization and (B) utility-driven 

resource allocation and energy minimization.  

A. Cross-Layer Energy Minimization  

Cross-layer energy minimization is able to achieve significant energy saving by 
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exploring joint design of hardware scheduling, encoder P-R-D control, and wireless 

transmission [37, 39, 40, 43]. The P-R-D model links the encoder resource parameters at 

the application layer with other resource parameters at the physical and link layers, which 

enables us to develop cross-layer energy minimization schemes. In cross-layer energy 

minimization for portable video communication systems, we need to consider the 

mobility of portable devices, the time-varying characteristics of wireless fading channels, 

the queuing behaviors of the processing (encoding) and transmission buffers, the energy 

allocation between video encoding and wireless transmission, and their joint impact to 

the end-to-end video quality, as well as to the overall energy saving performance.  

B. Utility-Driven Resource Allocation and Energy Minimization (make sure all 

headings are labeled correctly as in other journal papers or thesis.) 

The second idea that can be explored for energy minimization in practical system 

design is utility-driven resource allocation and energy minimization. In practical 

applications, such as video surveillance, remote monitoring, and environmental tracking 

applications, the task of video encoding and streaming over portable devices is to collect 

important visual information about the targets, events, and their environmental contexts. 

Therefore, the performance of the portable video communication system should be 

measured by the amount of useful information that has been collected by the portable 

device, i.e., the utility of the video data. For example, the performance of the DeerCam 

system should be measured by the amount of visual information that is useful for wildlife 

behavior analysis. In the literature [6], network capacity and operation lifetime are two 

major performance metrics that are extensively used for energy minimization. However, 

within the context of video surveillance and monitoring, these two performance metrics 

are not sufficient. The amount of useful visual information, or the utility of video data, 
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cannot be simply measured by its data size (in bits) or time duration (operational lifetime). 

A portable device may spend all of its energy on processing and transmitting a lot of bits 

which however contain little useful information for practical purposes.  

Therefore, it is critical to perform utility-driven resource allocation and energy 

minimization such that the portable device spends its energy and other resources 

intelligently. To this end, we need to address the following two major issues. First, we 

need to establish a utility function which describes the inherent relationship between the 

resource control parameters and the overall utility. Second, based on this utility function, 

we can optimally configure the resource control parameters to maximize the utility 

function under the resource constraint. As a variation of this optimization procedure, we 

can also minimize the energy consumption while still satisfying the utility requirement. 

In the following, we use the DeerCam as an example to discuss how we could address 

these two issues.  

As discussed in Section 2.1.2, the DeerCam operates on a duty cycle, which is 

controlled by three major parameters,        . We can see that these three parameters 

have an direct impact on resource consumption. For example, if we increase the sample 

duration  , reduce the sampling interval  , or decrease the video distortion   (or 

equivalently increase the video quality), the video encoder will use more energy and 

generate more bits. Therefore, we also refer to them as resource control parameters. The 

overall utility of the collected video samples is a function of these three resource control 

parameters, denoted by         .  

To set up a utility function          for wildlife monitoring, we propose to use a 

procedure similar to perceptual video quality evaluation. More specifically, we capture a 
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set of original video samples using animal-mounted video cameras, which cover a wide 

range of habitats and plant species. We then each original video sample with different 

configuration of resource control parameters        . We organize a panel of wildlife 

experts and develop a video evaluation protocol to present each processed video sample 

to the expert panel and ask them to score from 0 to 10 the utility of each processed video 

sample for wildlife behavior analysis purposes. Based on scores provided by the expert 

panel, using statistical modeling, we can estimate the expression of          and 

establish a utility function. It should be noted that this utility function is fully application-

specific and knowledge-driven.  

Meanwhile, we analyze the relationship between energy consumption and these 

resource control parameters. We call this as the energy consumption function, denoted by 

        . Now the utility-driven energy minimization problem becomes: optimally 

configuring the resource control parameters to minimize the energy consumption while 

satisfying the utility requirement, which can be mathematically formulated as:  

   
       

                                                                                                

where    is the minimum utility requirement. We expect that this utility-driven 

energy minimization approach will significantly reduce energy consumption.  

 

2.3 Conclusion 

The capability of seeing what animal sees in the field is very important for wildlife 

monitoring and research. In this paper, we have introduced the DeerCam system, an 

integrated video and sensor system for animal-mounted wildlife monitoring. From the 
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video and sensor data collected by DeerCam, wildlife researchers will be able to extract a 

wealth of scientific data for studying the behavior patterns of wildlife species and 

understanding the dynamic of wildlife systems. We have presented the system 

architecture of DeerCam, explained our system design goals and discussed major design 

issues. One of the central challenges in DeerCam system design is energy minimization. 

We have presented a new approach for energy minimization of portable video devices: P-

R-D analysis and optimization. Results demonstrate that by incorporating the third 

dimension of power consumption into conventional R-D analysis, P-R-D analysis gives 

us one extra dimension of flexibility in resource allocation and energy minimization and 

allows us to significantly reduce energy consumption.  
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CHAPTER 3 

LOCAL STRUCTURE LEARNING AND PREDICTION 

 FOR EFFICIEENT LOSSY IMAGE COMPRESSION 

 

The key in efficient image compression is to explore source correlation so as to find a 

compact representation of image data. A natural image can be often separated into two 

types of image regions: structure and non-structure regions.  Non-structure regions, such 

as smooth image areas, can be efficiently represented with conventional spatial 

transforms, such as KLT (Karhunen Lòeve transform), DCT (discrete cosine transform) 

and DWT (discrete wavelet transform) [45, 47]. However, structure regions, which 

consist of high-frequency structure components and curvilinear features in images, such 

as edges, contours, and texture regions, cannot be efficiently represented by these linear 

spatial transforms [46]. They are often hard to compress and consume a majority of the 

total encoding bit rate. 

Recently, researchers have developed various methods and algorithms to efficiently 

explore image correlation within these structure components and incorporate them into 

existing image/video compression systems. For example, several modified image 

transforms, such as curvelet [48], ridgelet [46], and contourlet [49], attempt to 

incorporate geometric image features into conventional wavelet transforms. Because of 

their over-complete representation, designing an efficient image compression system 

based on these transforms remains a challenging and open problem. Another important 
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type of techniques, called directional or orientation-adaptive wavelets, have been 

developed in the literature [50-53]. By adapting the direction of wavelet filtering, these 

techniques are able to efficiently explore local image correlation along geometrical 

features and significantly improve the image compression efficiency. While these 

methods have been focused on efficient wavelet transform design, in this work, we focus 

on spatial image prediction and adaptive image representation and study their impact on 

wavelet-based image compression.  

Spatial image prediction has been a key component in efficient image and video 

compression. A number of highly efficient image prediction schemes have been used in 

the state-of-the-art image / video compression systems. For example, an adaptive image 

prediction scheme is proposed in LOCO-I (LOw COmplexity LOssless COmpression for 

Image) image compression [54]. Each pixel is first predicted using a fixed predictor, 

called MED (Median Edge Detector). The prediction residuals are then modeled by a 

TSGD (Two-Sided-Geometric Distribution) [54]. A gradient-based scheme is proposed in 

CALIC (Context-based Adaptive Lossless Image Coding) [55] for adaptive image 

prediction. The predicted value is then further adjusted using bias cancellation and error 

feedback. While LOCO-I and CALIC are using pixel-level spatial prediction, H.264 Intra 

coding employs a block-based spatial prediction scheme [56], which supports different 

block sizes and prediction directions. We observe that, in pixel-level prediction, it is often 

hard to explicitly explore local geometric image features as in H.264 Intra coding because 

of the large overhead for encoding geometric information [56]. On the other hand, block-

based image prediction schemes suffer from performance degradation in prediction when 

the pixels to be predicted are further away from prediction reference. In this work, we 
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propose to address these issues by designing an efficient vector-based spatial image 

prediction scheme.  

Another important motivation of this work is adaptive image representation. As we 

know, in transform coding of images using DCT or DWT, we use a fixed set of basis 

functions to approximate or represent the target image data [45, 47]. It has been observed 

that images are non-stationary source data. A natural image often contains a lot of local 

image features, such as edge, textures, and patterns, which evolve from regions to 

regions. Therefore, for efficient image compression, it is important to learn local image 

structures and adjust the image representation and prediction scheme in an adaptive 

manner.  

 In this work, we propose to learn local image structures and predict image data based 

on this structure information. Our basic idea is to determine the best set of basis functions 

from previous reconstructed image data in the neighborhood and use this basis function 

set to efficiently represent and predict the image data to be encoded. We prove that this 

basis function set can be obtained with local singular value decomposition. We find that 

this local structure learning and adaptive image prediction procedure is very efficient for 

image regions with significant structure components. However, because of its relatively 

large overhead and high computational complexity, it is less efficient for other image 

regions, such as smooth areas. To address this issue, we propose a simple yet efficient 

scheme to segment an image into two types of regions: structure regions and non-

structure regions. In the proposed image compression system, structure regions are 

encoded with structure prediction, while non-structure regions are encoded with CALIC. 
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Our experimental results demonstrate that the proposed method is very competitive and 

even outperforms the state-of-the-art lossless image compression methods. 

The rest of this chapter is organized as follows. The local structural learning and 

prediction scheme is presented in Section 3.1. Section 3.2 explains our image content 

separation algorithm which can efficiently decompose an image into three classes of 

regions: structure regions, non-structure regions and transition regions. Smooth-painting 

of transition and non-structure regions is also explained. In Section 3.3, we will first 

study how to design an efficient image encoder based local structure learning and 

prediction. Experimental results are presented in Section 3.4. Section 3.5 concludes the 

chapter and discusses our future work.    

 

3.1 Local Structure Learning for Efficient Spatial Image Prediction 

In this section, we explain the central idea of local structure learning and prediction 

and discuss how it can be used for efficient spatial prediction of image data.  

 

3.1.1 Local Structure Learning  

We observe that a natural image generally contains a significant amount of structural 

components which evolve slowly from regions to regions. For example, Figure 3.3.1(a) 

shows the image Barbara and Figure 3.1(b) shows four patches (      blocks) 

extracted from different locations of the image. It can be seen that, at different locations, 

the local image data exhibits different structural characteristics. Therefore, it is important 
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to learn these local image structures, extract a local set of basis functions for efficient 

representation / approximation of each local image patch, and accurately predict its 

neighboring pixels. In lossless image compression, we can use the original image pixels 

as prediction reference. However, in lossy image compression, we need to use those 

previously encoded or reconstructed image pixels for prediction reference, as illustrated 

in Figure 1(c). For convenience, we call these reconstructed image pixels as reference 

image data. 

 

 

Figure 3.1: (a) The Barbara image; (b) four image blocks extracted from Barbara; (c) 

predictive image coding; (d) illustration of local structure learning and prediction. 

 

We observe that the size of the prediction unit is an important parameter in spatial 

image prediction. For example, in pixel-level and block-based prediction, the prediction 

unit sizes are one pixel and one block, respectively. As discussed in Section 3.1, when the 

unit size is too small, the amount of prediction and coding overhead will be too large if 

we want to explore local geometric image features. However, if we use a larger 

prediction unit, for example, a block, the overall prediction efficiency will decrease. In 
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this work, we attempt to find a good trade-off between these two and propose to perform 

spatial image prediction on a vector basis: predict a vector of pixels in the next image row 

or column. For example, in our experiments, we set the vector size to be     in vertical 

prediction or     in horizontal prediction. In Section 3.2, we will explain this in more 

detail. 

Now, the local image structure learning and prediction problem can be formulated as 

follows: given a set of reference vectors (of pixels),                   , which have 

already been encoded and reconstructed, as shown in Figure 3.1(d), how to predict vector 

     in the next row or column such that the prediction error: 

                                                                                                                          

is minimized. Here,      is a predictor function and we use the mean squared error (or 

  -norm) to measure the prediction performance. We denote the vector size by  . To 

determine the predictor function, we attempt to learn the local image structure of   

                . More specifically, we find a small set of orthonormal basis 

functions            , where    , to approximate                 . Let  

          

 

   

                                                                        

be the prediction of    ,      . We need to find the best set of basis functions 

            such that the overall prediction or approximation error is minimized, i.e.,  
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In Appendix A, we prove that the optimum solution   is the k-th eigenvector in the 

singular value decomposition of matrix  . More specifically, we consider    as a column 

vector and   a     matrix,                 . Suppose that its singular value 

decomposition is 

                  

Then, the optimum solution   is the k-th column vector of matrix     . Here,      

is a diagonal matrix with singular values                . The corresponding 

minimum approximation error is given by 

       
 

 

     

                                                                                     

It can be seen that if we increase K, the number of basis functions for signal 

representation, the total approximation error will decrease.  

 

3.1.2 Local Structure Prediction 

The optimum basis function set             captures the major structural 

characteristics of the reference image data  . We believe that the image data to be 

predicted, i.e., vector      shares similar structural characteristics since      is the 

immediate neighbor of image patch  . Once the optimum basis function set 

            is obtained, we decompose    onto these basis functions and compute the 

decomposition coefficients              . To predict      from  , we extrapolate 

their decomposition coefficients. More specifically, let  
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be the one-step extrapolation of               . In this work, for simplicity, we use 

linear extrapolation. Then,  

                

 

   

 

forms the prediction of     .  

 

3.1.3 Local Structure Prediction in Images 

To successfully apply the structure prediction proposed in Section 3.2 to image 

compression, the following two issues need to be carefully addressed: (1) selecting the 

vector direction and (2) selecting reference vectors.  

(1) Selecting Vector Direction 

The proposed structural prediction scheme operates on a vector basis. There are two 

basic choices in selecting the next prediction vector: row (horizontal) and column 

(vertical). The selection of vector direction depends on the correlation direction of the 

local image data. If the image data has strong correlation with its vertical neighbors on 

the top, we need to choose row vectors for prediction, as illustrated in Figure 3.2(a). 

Similarly, if the image data has strong correlation with its horizontal neighbors on its left, 

we need to use column vectors for prediction, as illustrated in Figure 3.2(b). Since 

different image regions have different correlation structures, the decision on vector 

direction needs to be adaptive. However, the adaptive decision cannot be made on a 
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vector basis. Otherwise, the scenario illustrated in Figure 3.2(c) will arise, which make it 

very difficult for us to select reference image data for prediction and to manage the image 

encoding process. To address this issue, we propose to decide the vector direction on a 

block basis, as illustrated in Figures 2(a) and (b). All vectors within one block use the 

same vector direction, either horizontal or vertical. Once the first vector (row or column) 

of the block is predicted, encoded, and reconstructed, it will become a part of the 

reference image data during the prediction of second vector. This procedure is repeated 

until all vectors (rows or columns) of block are predicted and encoded.   

 

 

Figure 3.2: Row prediction and column prediction. 

 

In this work, we observe that the optimum vector prediction direction is highly 

correlated with the direction of local gradients.  To see this, in Figure 3.3, we use a brute-

force approach to find the optimum vector prediction direction, predicting the image 

block using both row and column vectors and determine which vector direction has a 

smaller prediction residual. We also compute the local gradient of this image block and 

let        be the direction angle. Let       with         be the coordinate of 
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this angle. Define a classification feature           . We can see that if     , the 

block has near vertical local gradients; otherwise, it has near horizontal local gradients.  

 

Figure 3.3: Correlation between vector direction and local gradient direction. 

 

Figure 3.3 shows the value of    for all 200 structure blocks in image Lena. Red and 

yellow triangle represents blocks whose optimum predictions are horizontal and vertical, 

respectively. It can be seen that the optimum prediction vector and the classification 

feature    are highly correlated. This implies that, in actual image prediction, we can use 

the local gradient direction to estimate the optimum prediction direction.  

 (2) Selecting Reference Vectors 

The reference vectors are selected from the reference image data. In doing so, we 

need to consider the local image correlation structure so as to maximize the overall 

prediction efficiency. Similar to H.264 Intra coding, we choose 8 spatial prediction 
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directions, with four directions, C-0, C-1, C-2, and C-3 for column prediction and another 

four, R-0, R-1, R-2, and R-3 for row predictions, as illustrated in Figure 3.4(a). Figures 

4(b) and (c) are two examples showing how the reference vectors are selected for 

directions C-2 and R-1. For each direction, we compute the approximation error as 

defined in (4). The direction with the minimum approximation error will be used for 

actual prediction. The direction information will be encoded as overhead information and 

sent to the decoder. In Section 3.3, we will explain the image encoder design in more 

detail. 

 

Figure 3.4: (a) 8 directions for row and column predictions; (b) reference image data 

selection for column prediction at direction C-2 and (c) for row prediction at direction R-

1. 

 

To predict the next row or column vector from the reference vectors, we use the 

structure learning method described in Section 3.1 to determine the basic vectors. For 

example, Figure 3.5(b) shows two basis vectors for those reference vectors in Figure 

3.5(a). Figure 3.5(c) shows the corresponding decomposition coefficients. As explained 
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in Section 3.1, to predict the next row or column vector, we extrapolate the 

decomposition coefficients of those reference vectors. Figure 3.5(a) show the prediction 

result (the dash-triangle line) in comparison with the actual vector (the solid-square line). 

It can be seen that the prediction result is very close to the actual one. Certainly, this is 

just one example to demonstrate the process of structural prediction. In the following 

sections, we will evaluate the proposed structure prediction systematically. 

 

 

Figure 3.5: Structure prediction: (a) four reference vectors used for prediction of the 

next row; (b) two basis vectors obtained from structure learning; (c) extrapolation of 

decomposition coefficients for structure prediction. 

 

3.2 Image Content Separation 

The local structure learning method developed in Section 3.1 is able to capture local 

image structures for efficient spatial image prediction. From the experimental results in 

Section 3.4, we will see that this method works very efficiently for image regions with a 

significant amount of structural components. However, its efficiency will degrade in non-
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structure or smooth image regions because it needs to encode and transmit overhead 

information about the prediction directions. In addition, its computational complexity is 

relatively high. Therefore, we propose a content separation scheme to separate the image 

data into three regions: structure, non-structure, and transition regions.  

To explain the proposed content separation scheme, let us start with a 1-D example. 

Figure 3.6(a) shows a 1-D signal (e.g. one image row). It has one high-frequency 

component, which could be an edge in the image. Our first step in image content 

separation is to identify those image regions that cannot be efficiently represented or 

predicted by conventional spatial transform (e.g. DWT)1. In this work, we encode these 

structure regions with local structure prediction, as explained in Section 3.1. We then fill 

in these structure regions such that the resulting signal is “maximally smooth”, as 

illustrated in Figure 3.6(b). For convenience, we refer to this operation as smooth-

painting. Here, “maximally smooth” means the signal has a minimum amount of high-

frequency components and the corresponding coding bit rate is minimized. In general, 

lower-frequency and smoother signals often require small coding bit rates [45].  

 

 
1 A spatial transform can be also considered as data prediction. For example, in DWT, a pixel is predicted by a weighted 

summation of its neighboring pixels during wavelet filtering.  
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Figure 3.6: Content separation into structure, non-structure, and transition regions. 

 

We observe that structure image regions are often very small in size. For example, an 

edge only occupies a long narrow image region. In addition, the contrast between pixel 

values at both sides of the edge is often very high, especially at strong edges. This 

presents a challenge in smooth painting. Even after smooth painting, the signal in the 

structure region is often still a high-frequency one, as shown in Figure 3.6(b). To address 

this issue, we propose to create a transition region, as illustrated in Figure 3.6(c). Since 

the size of the region has been increased, the signal after smooth-painting will be much 

smoother, as illustrated in Figure 3.6(d). There are three major issues that need to be 

carefully addressed: (1) how to identify the structure regions? (2) How to smooth-paint 

the structure and transition regions such that the image is maximally smooth? (3) How to 

determine the size of the transition region? 

 

3.2.1 Identifying Structure Regions 
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In this work, we make the decision of structure prediction on a block basis. More 

specifically, we partition the image into blocks (e.g. 4×4 blocks). We then classify these 

blocks into two categories: structure and non-structure blocks. Structure blocks will be 

encoded with structure prediction. As discussed in Section 3.3, we will encode the non-

structure blocks (regions) using wavelet-based JPEG2000 image compression after 

smooth painting. As discussed in the above, the DWT can be also considered as a spatial 

prediction scheme: a pixel is being predicted by a weighted summation of its neighboring 

pixels with the wavelet filter coefficients as weights. Our basic idea is that, if a block can 

be efficiently predicted by DWT, or equivalently, the high-pass filter outputs are very 

small, we classify it into the non-structure region. Otherwise, we classify it into structure 

regions.  

Figure 3.7 shows the detailed procedure of our classification scheme. After DWT and 

subband decomposition, we set the high-frequency subbands to zero. After inverse DWT, 

we compare the reconstructed image again the original one on a block basis. If the block 

difference is large than a threshold, this block is considered as a structure block, 

otherwise, a non-structure block. For simplicity, we use the sum of absolute difference 

(SAD) to measure the block difference. The threshold is chosen based on the percentage 

of structure blocks that we want to encode with structure prediction. For example, if we 

like to choose 10% of blocks as structure blocks, we simply choose those top 10% block 

with the highest SAD values. Note that the a binary classification map with “1” for 

structure blocks and “0” for non-structure blocks needs to be encoded and sent to the 

decoder, as shown in Figure 3.8(b). To reduce the coding bit rate for this block 

classification map, we need to make the classification more coherent by removing those 
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isolated 1’s and 0’s. To end this, we apply morphological filtering operations to the initial 

classification result, as shown in Figure 3.7. Figure 3.8(c) shows the morphological 

filtering output.  

 

 

Figure 3.7: Classification of structure and non-structure image regions. 

 

 

Figure 3.8: An example of image content separation: (a) original Barbara image; (b) 

initial classification result; (c) after morphological filtering; (d) augmented with transition 

regions. 
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In Figure 3.9, we compare the proposed structure prediction scheme with H.264 Intra 

prediction, one of the state-of-the-art schemes for image prediction.  The horizontal axis 

shows the percentage of image blocks that are encoded as structure blocks. The vertical 

axis shows the SAD (sum of absolute difference) of blocks after structure prediction and 

H.264 Intra prediction. In both prediction schemes, we use the original pixels as the 

prediction reference. It can be seen that for both images Lena and Barbara, the block 

SAD in structure prediction is about 2-3 times smaller than that of H.264 Intra prediction. 

 

 

(a)                                                         (b) 

Figure 3.9: Average SAD (sum of absolute difference) of structure blocks using 

structure prediction and H.264 intra prediction for images (a) Lena and (b) Barbara. 

 

3.2.2 Smooth-Painting of Structure and Transition Regions 
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Figure 3.6(d) illustrates the basic idea of smooth-painting: filling the structure and 

transition regions so as to generate a smooth image, denoted by   . The objective of 

smooth-painting is to minimize the coding bit rate of image   . As discussed in Section 

3.3, image    will be encoded with wavelet image encoders, such as JPEG2000. As we 

know, during wavelet transform and subband decomposition, the image is decomposed 

into a series of high-frequency subbands plus one low-frequency subband. Here, a 

subband is called high-frequency if its subband data is the output of the high-pass filter. 

Therefore, to minimize the coding bit rate, we need to minimize the energy of these high-

frequency subbands during smooth-painting. Let             be values of pixels to be 

filled into the structure and transition regions smooth painting. The corresponding smooth 

image is denoted by              . Let                    be the energy of the 

high-frequency subbands. Now, the problem of smooth painting can be formulated as 

follows: 

   
           

                                                                     (  6) 

In general, it will be very difficult to find an optimum solution for this problem. In 

this work, we propose to reduce this 2-D image smooth-painting problem into a 1-D 

problem and develop a sub-optimal solution.  
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Figure 3.10: Magnitude spectrums of the low-pass and high-pass filters of Debauches 

(9, 7) wavelet. 

 

Let               be one row or column of image data, and                   

be the segment of pixels to be smooth-painted, as illustrated in Figure 3.6(d). The 

objective of smooth-painting is to minimize the high-frequency subband energy of  . 

Let       be the high-pass filter of the wavelet filter bank with discrete Fourier 

transform     
   . The high-pass filtering output is given by                  

     

According to Parseval’s theorem, its energy is given by 

   
  

 

   

 

  
           

 

  

    
 

  
       

      
 

  

                                    

Now, the smooth-painting problem becomes: 
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We recognize that a direct method to find the optimum solution for this problem will 

have very high computational complexity. In this work, we propose to use an indirect 

method to find a sub-optimum solution. In this following, we take the Debauches (9, 7) 

wavelet, which is used in our experiments in Section 3.4, as an example to explain our 

method. We consider the objective function in (8) as a weighted summation of           

with      
      as weights. In Figure 3.10, we plot the      

     , the magnitude 

spectrum of the high-pass filter       , as well as the spectrum of the low-pass 

filter      . To minimize this weighted summation, we need to decrease the value of 

          within the right-half of the spectrum since the weight      
      is relatively 

large. In the left half,           can be large since the weight      
      is small. Note 

that the spectrum of the low-pass filter has this property. Therefore, we propose to use the 

low-pass filter       to shape the spectrum of           through filtering. Based on the 

above observation, we propose the following simple yet efficient algorithm for smooth-

painting: 

 

Step 1. Initialization. Fill in the missing pixels                   with linear 

interpolation.  

Step 2. Low-pass filtering. Apply the low-pass filter to                To 

reduce computational complexity, we can apply low-pass filtering only within the 

neighborhood of these missing pixels. Denote the filter output by   . 
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Step 3. Restore original pixels. Copy the pixels             and              

from   into   .  

Step 4. Repeat Steps 2 and 3 for   times. In this work, we set   to be an empirical 

number of 5. 

 

 

(a) 

 

(b) 
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Figure 3.11: The energy of high-frequency subbands as a function of iterations of 

smooth-painting on (a) the 420th row of image Lena and (b) the 450th row of image 

Barbara. 

 

Figure 3.11 shows that the energy of high-frequency subbands decreases very quickly 

with the number of iterations in smooth-painting on two 1-D test sequences: (a) the 420th 

row of image Lena and (b) the 450th row of image Barbara. It can be seen that after about 

5 iterations, the high-frequency subband energy is much smaller than the original one. To 

extend this procedure to 2-D images, we simply apply the 1-D smooth-painting both 

horizontally and vertically. We can see that the basic operation in smooth-painting is 

interpolating the structure and transition regions using the low-pass filter. Therefore, the 

length of the low-pass filter, denoted by   , plays a critical role in determining the size of 

transition region. Let    be the length (either horizontal or vertical) of the structure 

region and    the length of the transition region. We use the following formula to 

determine   : 

    

           

       
      

 
             

                                                            

Here,   is the block size;   is a scaling coefficient larger than or equal to 1.0. In this 

work, we set it to be an empirical value, 1.5.  

 

3.3 Image Compression Based on Structure Prediction 
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Based on the structure prediction and image content separation proposed in previous 

sections, we develop an image encoding and decoding system. As illustrated in Figure 

3.12, the proposed image encoding system has the following major steps: 

Step 1. Image content separation. Using the method described in Section 3.2, we 

separate the image into structure, non-structure, and transition regions. We apply smooth-

painting to the non-structure image region to create a smooth image. The binary 

classification map is encoded with arithmetic coding. 

Step 2. Encode the non-structure image. The non-structure image is encoded with 

JPEG2000 and reconstructed at the encoder side. 

Step 3. Encode transition region (blocks). Note the transition region is used to 

provide sufficient space for smooth-painting of the non-structure region. This implies that 

it has to be encoded separately from the non-structure region. We observe that the 

transition region is often as smooth as the non-structure region. Since the non-structure 

image has already been reconstructed, we can use it to predict the transition region (or 

blocks). In this work, a simple DC prediction is used. The prediction residual is encoded 

with     integer DCT, uniform quantization, and arithmetic coding. The transition 

region is also reconstructed at the encoder. 

Step 4. Encode the structure region (blocks). The structure blocks are encoded in a 

raster scan order. For each block, using the structure learning and prediction method 

described in Section 3.1, we compute the best prediction direction and prediction 

residual. The prediction residual is encoded with     integer DCT, uniform 

quantization, and arithmetic coding. The prediction direction is also encoded with 

arithmetic coding and sent to the decoder.  
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Compared to conventional wavelet-based image encoders, such as JPEG2000, the 

proposed image encoder introduces the following major computations: SVD for structure 

learning and prediction, smooth-painting with local low-pass filtering, 4×4 integer DCT, 

uniform quantization, and arithmetic coding of structure and transition blocks. SVD is a 

complicated matrix computation. However, its fast algorithm is available. In addition, we 

only apply structure learning to the structure region, a relatively small portion of the 

image. This will help us reduce the overall computation complexity. As discussed in 

Section 3.5, in our future work, various ideas can be explored to reduce the encoding 

complexity. Table 3.1 summarizes the average computational complexity of major 

components in percentage of the overall encoder complexity. 

 

Figure 3.12: Image encoding based on structure prediction. 
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Table 3.1: Computational complexity of major encoding modules. 

Encoder Module Computational Complexity (%) 

Structure learning 45 
Smooth-painting 5 
Encoding of the structure region 15 
Encoding of the transition region 5 
Encoding of the non-structure image 30 

 

 

3.4 Experimental Results 

We have implemented the proposed image compression algorithm and compared its 

performance with JPEG2000 image compression [57], the state-of-the-art image 

compression scheme. In the following experiments, we use a block size of    . The 

Debauches (9, 7) wavelet is used in JPEG2000 image compression. Figure 3.13 shows 

the test images, Lena, Barbara, and Zone-Plate [51], all in         grayscale format. 

Figures 14-16 show the rate-PSNR (peak signal-to-noise ratio) curves of the proposed 

algorithm in comparison with JPEG2000.  It can be seen that, for images Lena and 

Barbara, the proposed algorithm improves the picture quality by about 0.5 dB. For the 

Zone-Plate image, the quality improvement goes up to 2 dB.  

The output bit stream of the proposed image encoder consists of bits for the following 

major syntax components: the image classification map, structure regions (blocks), 

transition, and non-structure regions. Table 3.2 shows the percentages of bits of these 

major syntax components at different bit rates for images Lena. The results for Barbara 
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are shown in Table 3.3. In these experiments, the top 10% of blocks are classified as 

structure blocks. It can be seen that at lower bit rates structure blocks use more bits.   

In Tables 4 and 5, we evaluate the impact of percentage of structure blocks on the 

overall image compression performance. If no structure blocks are used, the proposed 

image encoder becomes the standard JPEG2000 image encoder. We encode images Lena 

and Barbara with different percentages of structure blocks at various bit rates and the 

results are shown in Tables 4 and 5. It can be seen that, at higher bit rates, we need to use 

a higher percentage of structure blocks to achieve the optimum performance. In general, 

we observe that 10-15% of structure blocks achieve the near optimum performance.  

 

 

Figure 3.13: Test images: Lena, Barbara, and Zone-Plate. 
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Figure 3.14: Compression performance evaluation on image Lena. 

 

 

Figure 3.15: Compression performance evaluation on image Barbara. 
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Figure 3.16: Compression performance evaluation on image Zone-Plate. 

 

Table 3.2: Percentages of bits of major syntax components for image Lena 

Total Bit 
Rate  
(bpp) 

Percentage of Bits (%) 
Image 

Classification  
Map 

Structure 
Region  

Transition 
Regions 

Non-
structure 
Regions 

0.26 4.0 50.0 16.1 29.9 
0.38 7 43.2 18.1 36.0 
0.54 1.9 38.0 19.0 41.1 
0.70 1.5 33.4 18.8 46.4 
1.11 0.9 25.1 16.4 57.6 
1.49 0.7 20.5 14.2 64.6 

 

 

Table 3.3: Percentages of bits of major syntax components for image Barbara 

Total Bit  
Rate  

Percentage of Bits (%) 
Image Structure  Transition Non-
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(bpp) Classification 
Map  

Regions Regions structure 
Regions 

0.39 2 51.1 19.8 26.9 
0.59 1.4 47 21.4 34.5 
0.82 1.0 36.8 21.0 41.2 
1.02 0.8 33.4 20.6 45.2 
1.40 0.6 28.5 19.2 51.7 
1.69 0.5 25.7 18.0 55.9 

 

 

Table 3.4: Image PSNR at different percentages of structure blocks for image 

Barbara 

Bit Rate  
(bpp) 

JPEG2000 
  =0%) 

Image PSNR (dB) at Different 
Percentages of Structure Blocks 
  =3%   =9%   =18% 

0.25 33.1614 33.0105 34149 30.1599 
0.50 36.2433 36.2921 36.1552 35.3507 
0.75 38.0824 38.1652 38.2422 38.0615 
1.00 39.2736 39.3277 39.5477 39.6707 

1.25 40.3432 40.4249 40.6409 40.8808 

 

Table 3.5: Image PSNR at different percentages of structure blocks for image Lena 

Bit Rate  
(bpp) 

JPEG2000 
  =0%) 

Image PSNR (dB) at Different 
Percentages of Structure Blocks 

 =4%   =11%   =16%   =22% 
0.50 30.8315 31.0528 30.7973 30.1767 29.7799 
0.75 33.4392 33.7074 33.7085 33.3659 37764 
1.00 35.7463 35.9087 36.008 35.8056 35.4944 
1.25 37.5203 37.6815 37.844 37.7367 37.593 
1.5 39.0103 39.1203 39.3501 39.3221 39.1364 
1.75 40.3464 40.4224 40.6706 40.6852 40.6797 
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3.5 Conclusion 

In this chapter, we have developed an image compression algorithm based on 

structure learning and prediction. When learning local image structures, we attempt to 

find a small number of basis vectors whose linear combinations are able to closely 

approximate local image patches. By extrapolating these linear combination coefficients, 

we can efficiently predict neighboring pixels of the local image patch. To design an 

efficient image encoder based structure prediction, we have introduced the ideas of 

separation of an image into structure, transition, and structure regions and smooth-

painting. Our experimental results demonstrate that the proposed algorithm outperforms 

JPEG2000 image compression. 
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CHAPTER 4 

LOCAL STRUCTURE LEARNING AND PREDICTION 

FOR EFFICIENT LOSSLESS IMAGE COMPRESSION 

 

In Chapter 3, we proposed local structure learning and prediction for efficient lossy 

image compression. As an extension, in this chapter, we apply this technique for lossless 

image compression with some necessary modifications. Our extensive experimental 

results demonstrate that the proposed method outperforms the state-of-the-art lossless 

image compression schemes such as LOCO-I and CALIC. 

The rest of the paper is organized as follows. The local structure learning and 

prediction scheme is presented in Section 4.1. Section 4.2 explains our image content 

separation algorithm which can efficiently decompose an image into two classes of 

regions: structure regions and non-structure regions. In Section 4.3, we will study how to 

design an efficient lossless image encoder based on local structure learning and 

prediction. Experimental results are presented in Section 4.4. Section 4.5 concludes the 

paper and discusses our future work.    
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4.1 Local Structure Prediction for Lossless Image Compression 

In Section 2.1, we explained the central idea of local structure learning and prediction 

and discussed how it can be used for efficient spatial prediction of image data. In this 

section, we investigate its prediction performance for lossless image compression.  

The gradient-adjusted prediction (GAP) [58] and H.264 Intra prediction [56] are two 

efficient image prediction methods. The former is used in CALIC. In Figure 4.1, we 

compare the prediction performance of our structure prediction method with these two 

prediction techniques for the Barbara image. Figure 4.1(a) shows the original Barbara 

image. Figure 6(b)-(d) show the absolute value of the residual image obtained by the 

structure prediction, the GAP, and H.264 intra prediction. It can be seen that the structure 

prediction archives better prediction than GAP and H.264 intra prediction, especially at 

the image areas with significant structure components, e.g., the areas of the table cloth, 

hood and pants. Quantitatively, the average absolute prediction error of the structure 

prediction for the Barbara image is 10.9/pixel while that of GAP and H.264 intra 

prediction are 20.3/pixel and 33.8/pixel, respectively. In Section 4.4, we will present 

more results to demonstrate the performance of structure prediction.  
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Figure 4.1: Prediction performance comparison: (a) the original Barbara image; (b) 

the absolute residual image of structure prediction; (c) the absolute residual image of 

GAP prediction; (d) the absolute residual image of H.264 intra prediction. 

 

4.2 Image Content Classification 

As discussed in Chapter 3 and further exemplified in Section 4.1, the local structure 

learning and prediction method is able to capture local image structures for efficient 

spatial image prediction. It works very efficiently for image regions with a significant 

amount of structure components. However, its efficiency will degrade in non-structure or 

smooth image regions because it needs to encode and transmit overhead information 

about the prediction. In addition, its computational complexity is relatively high. 
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Therefore, we propose a content separation scheme to separate the image data into two 

regions: structure and non-structure regions.  

In this work, we make the decision of structure prediction on a block basis. More 

specifically, we partition the image into blocks (e.g. 4×4 blocks). We then classify these 

blocks into two categories: structure and non-structure blocks. Structure blocks are 

encoded with structure prediction. Non-structure blocks are encoded with conventional 

lossless image compression methods, such as CALIC [58]. CALIC is a spatial prediction 

based scheme, in which GAP (Gradient Adjusted Prediction) is used for adaptive image 

prediction. Our basic idea is that, if a block can be predicted more efficiently by GAP 

than by structure prediction, we classify it into the non-structure regions. Otherwise, we 

classify it into structure regions.  For the completeness of this paper, we include the 

original definition of GAP [58]. Let        be the current pixel to be predicted. As 

illustrated in Figure 4.2, we define 

                                                     

                                           
               

The gradients along the horizontal and vertical directions at pixel        are estimated 

by 
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Then, the GAP scheme predicts the value of        as follows 

 

where         is the predicted value of       . For each block, we compute SAD 

between its original values and predicted ones.  

 

 

Figure 4.2: The GAP prediction scheme. 

 

In this work, we study two classification methods. In the first method, as illustrated 

in Figure 4.3, we independently apply GAP and structure prediction to the original image. 

We then compare the two predicted images against the original image on a block basis. 

        
     

 
 

       

 
  

IF (          {sharp horizontal edge}           ; 
ELSE IF (           {sharp vertical edge}           ; 

ELSE { 

IF (          {horizontal edge}         
          

 
  

ELSE IF (       ) {weak horizontal edge}         
           

 
  

ELSE IF              {vertical edge}         
          

 
  

ELSE IF             {weak vertical edge}                        . 
} 
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For simplicity, we use the sum of absolute difference (SAD) to measure the block 

difference: 

              

 

   

                                                                         

 

   

 

where        is the pixel of the original block, and         that of the prediction. We 

then compare the block SAD values of GAP and structure prediction. If the GAP SAD is 

larger than the structure prediction SAD, this block is considered as a structure block. 

Otherwise, it is a non-structure block. In the second classification method, we just apply 

GAP to the original image and choose the fraction (e.g. 20%) of blocks with the highest 

prediction error as structure block and the rest as non-structural blocks. We can see that 

the second method has much lower computational complexity than the first method. 

However, its classification performance will be sub-optimal. Figure 9(b) and (c) show the 

classification results by these two methods with white pixels representing the structure 

blocks. 

 

 

Figure 4.3: Classification of structure and non-structure regions. 
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Figure 4.4: (a) The Barbara image; (b) classification result by the first method; (c) 

classification result by the second method. 

 

4.3 Image Coding Based on Structure Prediction 

Based on the structure prediction and image content separation proposed in previous 

sections, we develop a lossless image encoding system. The proposed image encoding 

system has the following major steps: 

Step 1. Image content separation. Using the method described in Section 4.2, we 

separate the image into structure regions (Figure 4.5(c)) and non-structure regions (Figure 

4.5(b)). We apply filling operation to structure regions to create an image in which the 

values of pixels in structure regions are replaced with 128 (Figure 4.5(d)). The binary 

classification map is encoded with arithmetic coding and sent to the decoder. 

Step 2. Encode the non-structure regions. The non-structure regions are encoded 

with CALIC in raster scan order. With the help of the binary classification map, CALIC 

identifies and encodes the pixels of non-structure regions in the filled non-structure image 
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(Figure 4.5(d)). Note that even though the filled regions are skipped for encoding, they 

are necessary to provide contexts for their neighboring pixels to be encoded with CALIC.  

Step 3. Encode the structure regions (blocks). The structure blocks are encoded in a 

raster scan order. For each block, using the structure learning and prediction method 

described in Section 4.1, we compute the best prediction parameters and prediction 

residual. The prediction parameters include the prediction direction and the number of 

reference vectors. The prediction residual and prediction parameters are encoded with 

arithmetic coding and sent to the decoder.  

Compared to conventional lossless image encoders, such as CALIC, the proposed 

image encoder introduces the following major computations: image content 

classification, structure prediction in structure block coding, and arithmetic coding of 

prediction residuals and other side information. Structure prediction in structure block 

coding is computationally expensive due to SVD computation for structure learning and 

prediction. However, its fast algorithm is available. In addition, we only apply structure 

prediction coding to the structure blocks, a usually small portion of the image. This will 

help us reduce the overall computation complexity.  
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Figure 4.5: (a) The original Barbara image; (b) non-structure regions; (c) structure 

regions; (d) filled non-structure image. 

 

4.4 Experimental Results 

In this section, we implement the proposed image compression algorithm and 

compare its performance with three other state-of-the-art lossless image encoders, 

JPEG2000 [59], JPEG-LS/LOCO-I [60] and CALIC [61]. In the following experiments, 

we use a block size of    .  

The output bit stream of the proposed image encoder consists of bits for the following 

major syntax components: image classification map, non-structure regions and structure 

regions, which include prediction residual of structure regions and prediction overheads. 
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Figure 4.6 shows the test images used in our lossless compression. We restrict our 

attention to luminance component of images. First, we compare the prediction 

performance of the structure prediction with H.264 Intra prediction [56] and GAP [58] at 

structure areas (in terms of absolute prediction residual per pixel). The results are shown 

in Table 4.1. It can be seen that, our structure prediction achieves much more accurate 

predictions than both H.264 Intra prediction and GAP for all test images.  

Table 4.2 shows the performance of the proposed encoder compared to three other 

state-of-the-art lossless image encoders, JPEG2000 [59], JPEG-LS/LOCO-I [60] and 

CALIC [61]. It can be seen that the proposed encoders outperforms all those three 

encoders and saves the overall bit rate by up to 0.261 bpp. We also observe that the 

proposed image encoder is very efficient for images with a significant amount of 

structure components, such as Baboon, but relatively less efficient for smooth images, 

such as Lena. Table 4.3 shows the percentage of bits used for the major syntax 

components mentioned above. I n Table 4.4, we compare those two classification 

methods presented in Section 4.2. We can see that, the second method, although has a 

much lower computational complexity, only slightly increases the encoding bit rate by 

less than 1%, when compared to the first classification method. 
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Figure 4.6: Test images from USC and Kodak image databases. 

Table 4.1:  Prediction errors of GAP, H.264 Intra prediction and structure prediction 

for structure regions (in terms of absolute prediction residual per pixel). 

 
Image 

 
GAP 

H.264 Intra  
Prediction 

Structure  
Prediction 

Lena 20.6 14.5 7.3 

Barbara 33.8 20.3 10.9 

Baboon 14.0 13.7 8.7 

kodim01 17.0 15.8 9.5 

kodim08 30.3 28.1 15.2 

kodim13 14.7 14.4 9.3 

USC1.2.01 34.8 38.9 22.5 

USC1.2.03 33.6 31.9 19.8 

 

 

Table 4.2:  Performance comparison with JPEG2000, JPEG-LS/LOCO-I and CALIC 

(bit rate in bpp). Note that the classification threshold in the proposed encoder is 
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manually chosen and may not be the best in terms of overall coding efficiency. It also 

may be different for different images.  

Image JPEG2000 JPEG-
LS/LOLO-I 

CALIC Proposed 
Encoder 

Bitrate 
Saving 

Lena 4.347 4.245 4.097 4.084 -0.013 

Barbara 4.819 4.863 4.586 4.522 -0.064 

Baboon 6.145 6.041 5.898 5.722 -0.176 

kodim01 5.475 5.268 5.091 5.034 -0.057 

kodim08 5.562 5.285 5.049 5.036 -0.013 

kodim13 6.144 5.962 5.818 5.662 -0.156 

USC1.2.01 7.399 7.177 6.973 6.78 -0.193 

USC1.2.03 7.414 7.071 6.873 6.612 -0.261 

 

Table 4.3:  Percentage of bits used for image classification map (ICM), non-structure 

regions (NSR) and structure regions (SR), which include prediction residual of structure 

regions and prediction overheads. 

 
Image 

Percentage of Bits 
ICM NSR SR 

Lena 0.07% 99.21% 0.72% 
Barbara 0.24% 86.59% 13.17% 
Baboon 0.36% 8.05% 91.59% 
kodim01 0.61% 80.24% 19.16% 
kodim08 0.23% 95.03% 4.74% 
kodim13 0.39% 7.64% 91.98% 

USC1.2.01 0.76% 45.82% 53.43% 
USC1.2.03 0.73% 34.36% 64.91% 

 

Table 4.4:  Performance comparison between old and new classifications in terms of 

overall coding efficiency.  

Image Classification Bite Rate 
Difference 

% 
Method One Method Two 
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Lena 4.084 4.085 +0.001 +0.02% 

Barbara 4.522 4.529 +0.007 +0.16% 

Baboon 5.722 5.728 +0.006 +0.11% 

kodim01 5.034 5.059 +0.025 +0.5% 

kodim08 5.036 5.046 +0.01 +0.2% 

kodim13 5.662 5.655 -0.007 -0.12% 

USC1.2.01 6.78 6.822 +0.042 +0.62% 

USC1.2.03 6.612 6.67 +0.068 +1% 

 

 

4.5 Conclusion 

In this work, we have developed an efficient lossless image compression algorithm 

based on structure prediction. We classified an image into structure regions and non-

structure regions. The structure regions are encoded with structure prediction while the 

non-structure regions are encoded with existing image compression schemes, such as 

CALIC. Our extensive experimental results demonstrated that the proposed scheme is 

very efficient in lossless image compression, especially for images with significant 

structure components.  

In our future work, we will explore various ideas to further reduce the computational 

complexity of the encoding algorithm, especially the structure prediction. We will also 

study how the structure prediction could be integrated with lifting-based wavelet 

transform for adaptive image prediction and transform.  
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CHAPTER 5 

SUPER-SPATIAL STRUCTURE PREDICTION FOR 

EFFICIENT LOSSLESS IMAGE COMPRESSION 

 

As previously mentioned, the key challenge in image compression is to efficiently 

represent and encode high-frequency image structure components, such as edges, 

patterns, and textures. In this work, we develop an efficient lossless image compression 

scheme called super-spatial structure prediction. This super-spatial prediction is 

motivated by motion prediction in video coding, attempting to find an optimal prediction 

of structure components within previously encoded image regions. We find that this 

super-spatial prediction is very efficient for image regions with significant structure 

components.  Our extensive experimental results demonstrate that the proposed scheme is 

very competitive and even outperforms the state-of-the-art image lossless compression 

methods. 

Spatial image prediction has been a key component in efficient lossless image 

compression [58, 62]. Existing lossless image compression schemes attempt to predict 

image data using their spatial neighborhood. We observe that this will limit the image 

compression efficiency. A natural image often contains a large number of structure 

components, such as edges, contours, and textures. These structure components may 

repeat themselves at various locations and scales. Therefore, there is a need to develop a 

more efficient image prediction scheme to exploit this type of image correlation.   
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The idea of improving image prediction and coding efficiency by relaxing the 

neighborhood constraint can be traced back to sequential data compression [63, 64] and 

vector quantization for image compression [65]. In sequential data compression, a 

substring of text is represented by a displacement / length reference to a substring 

previously seen in the text. Storer extended the sequential data compression to lossless 

image compression [66]. However, the algorithm is not competitive with CALIC in terms 

of coding efficiency. During vector quantization (VQ) for lossless image compression, 

the input image is processed as vectors of image pixels. The encoder takes in a vector and 

finds the best match from its stored codebook. The address of the best match, the residual 

between the original vector and its best match are then transmitted to the decoder. The 

decoder uses the address to access an identical codebook, and obtains the reconstructed 

vector. Recently, researchers have extended the VQ method to visual pattern image 

coding (VPIC) [67] and visual pattern vector quantization (VPVQ) [68]. The encoding 

performance of VQ-based methods largely depends on the codebook design. To our best 

knowledge, these methods still suffer from lower coding efficiency, when compared with 

the state-of-the-art image coding schemes.  

In the intra prediction scheme proposed by Nokia [69], there are 10 possible 

prediction methods: DC prediction, directional extrapolations and block matching. DC 

and directional prediction methods are very similar with those of H.264 intra prediction 

[56]. The block matching tries to find the best match of the current block by searching 

within a certain range of its neighboring blocks. As mentioned earlier, this neighborhood 

constraint will limit the image compression efficiency since image structure components 

may repeat themselves at various locations. 
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In the fractal image compression [70], the self-similarity between different parts of an 

image is used for image compression based on contractive mapping fixed point theorem. 

However, the fractal image compression focuses on contractive transform design, which 

makes it usually not suitable for lossless image compression. Moreover, it is extremely 

computationally expensive due to the search of optimum transformations. Even with high 

complexity, most fractal-based schemes are not competitive with the current state of the 

art [71]. 

The rest of the paper is organized as follows. The super-spatial prediction for image 

compression is presented in Section 5.1. Section 5.2 explains our image content 

classification algorithm. In Section 5.3, we will study how to design an efficient lossless 

image encoder based on super-spatial prediction. Experimental results are presented in 

Section 5.4. Section 5.5 concludes this chapter. 

 

5.1 Super-spatial Structure Prediction for Efficient Image 

Compression 

In this section, we explain the basic idea of super-spatial prediction and how it can be 

used for efficient image compression. 

We observe that a real world scene often consists of various physical objects, such as 

buildings, trees, grassland, etc. Each physical object is constructed from a large number 

of structure components based upon some pre-determined object characteristics. These 

structure components may repeat themselves at various locations and scales. For 
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example, Figure 5.1 (a) shows the image Barbara and Figure 5.1 (b) shows four patches 

(      blocks) extracted from different locations of the image. It can be seen that they 

share very similar structure characteristics. Therefore, it is important to exploit this type 

of data similarity and redundancy for efficient image coding.   

 

 

Figure 5.1: (a) The Barbara image; (b) four image blocks extracted from Barbara. 

 

The proposed super-spatial prediction borrows the idea of motion prediction from 

video coding, as illustrated in Figure 5.2. In motion prediction, we search an area in the 

reference frame to find the best match of the current block, based on some distortion 

metric. The chosen reference block becomes the predictor of the current block. The 

prediction residual and the motion vector are then encoded and sent to the decoder. In 

super-spatial prediction, we search within the previously encoded image region to find 

the prediction of an image block. In order to find the optimal prediction, at this moment, 

we apply brute-force search. The reference block that results in the minimum block 
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difference is selected as the optimal prediction. For simplicity, we use the sum of 

absolute difference (SAD) to measure the block difference. Besides this direct block 

difference, we can also introduce additional H.264-like prediction modes, such as 

horizontal, vertical, and diagonal prediction [56], as illustrated in Figure 5.3(a). Here, 

block B is the current block to be encoded and block A is the reference block from the 

previous reconstructed image region. The best prediction mode will be encoded and sent 

to the decoder.  

As in video coding, we need to encode the position information of the best matching 

reference block. To this end, we simply encode the horizontal and vertical offsets, 

          between the coordinates of the current block and the reference block using 

context-adaptive arithmetic encoder.  

 

 

Figure 5.2: (a) Super-spatial prediction; (b) motion prediction in video coding. 
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 (a) 

 

(b) 

Figure 5.3: (a) addition prediction modes; (b) prediction reference map for the 

Barbara image. 

 

We observe that the size of the prediction unit is an important parameter in the super-

spatial prediction. When the unit size is small, the amount of prediction and coding 

overhead will become very large. However, if we use a larger prediction unit, the overall 

prediction efficiency will decrease. In this work, we attempt to find a good trade-off 
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between these two and propose to perform spatial image prediction on block basis. For 

example, in our experiments, we set the block size to be    .  

We can see that, when compared to VQ-based image encoders, the proposed super-

spatial prediction scheme has the flexibility to incorporate multiple H.264-style 

prediction modes. When compared to other neighborhood-based prediction methods, 

such as GAP and H.264 Intra prediction, it allows the block to find the best match from 

the whole image which will significantly reduces the prediction residual. 

 

5.2 Image Block Classification 

From the experimental results in Section 5.4, we will see that super-spatial prediction 

works very efficiently for image regions with a significant amount of structure 

components. However, due to its large overhead and high computational complexity, its 

efficiency will degrade in non-structure or smooth image regions. Therefore, we propose 

a block-based image classification scheme. More specifically, we partition the image into 

blocks (e.g. 4×4 blocks). We then classify these blocks into two categories: structure and 

non-structure blocks. Structure blocks are encoded with super-spatial prediction. Non-

structure blocks are encoded with conventional lossless image compression methods, 

such as CALIC. CALIC is a spatial prediction based scheme, in which a gradient-

adjusted prediction (GAP) is used for adaptive image prediction [58]. We propose to 

explore two classification methods. In the first method (denoted by Method_A), we 

compare the GAP prediction against the super-spatial prediction. Our basic idea is that, if 

a block can be predicted more efficiently by GAP than super-spatial prediction, we 
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classify it into the non-structure regions. For simplicity, we use SAD to measure the 

prediction performance. Otherwise, we classify it into structure regions. In the second 

method (denoted by Method_B), we simply perform GAP prediction on the original 

image and compute the prediction error for each block. If the prediction error is larger 

than a given threshold, then it is considered as a structure block. Otherwise, it is classified 

as a non-structure block. We can see that Method_A has a much higher computational 

complexity than Method_B since it needs to perform super-spatial prediction for each 

block. Figure 5.4 shows a classification result for the Barbara image using Method_A. 

The white pixels in Figure 5.4(b) indicates a structure block.  

 

 

Figure 5.4: (a) The Barbara image; (b) classification result using Method_A. 
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5.3 Image Coding Based on Super-spatial Structure prediction 

Based on the super-spatial prediction and image content separation proposed in 

previous sections, we develop a lossless image coding system. The proposed image 

encoding system has the following major steps. First, using the method described in 

Section 5.2, we classify the image into non-structure regions and structure regions as 

shown in Figure 5.5(b) and (c), respectively. The classification map is encoded with 

CABAC. Second, based on the classification map, our encoder switches the prediction 

between the GAP prediction and super-spatial prediction. The prediction residual is then 

encoded the CALIC scheme.  

We observe that the super-spatial prediction has relatively high computational 

complexity because it needs to find the best match of the current block from previous 

reconstructed image regions. Using the Method_B prediction, we can classify the image 

into structure and non-structure regions and then apply the super-spatial prediction just 

within the structure regions since its prediction gain in the non-structure smooth regions 

will be very limited. This will significantly reduce overall computational complexity.  
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Figure 5.5: (a) The original Barbara image; (b) non-structure regions; (c) structure 

regions. 

 

5.4 Experimental Results 

We have implemented the proposed super-spatial prediction scheme in CALIC [58], a 

very efficient lossless image compression scheme which outperforms other state-of-the-

art coding methods, such as JPEG-LS and LOCO-I. In this work, we choose a block size 

of    . The output bit stream of the proposed encoder consists of bits for the following 

major syntax components: image classification map, bits for non-structure regions, bits 

for prediction residual of structure blocks, addresses of reference blocks, and prediction 

mode. 

We first evaluate the prediction efficiency of the proposed super-prediction scheme. 

We use Method_B to classify the image block and choose the top 30% of blocks as 

structure blocks. We then apply three schemes to predict the image data within the 

structure regions: GAP from CALIC, H.264 Intra prediction which is a very efficient 

spatial prediction scheme proposed in H.264 video coding, and the proposed super-spatial 
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prediction. We measure the SAD of the prediction residual. The results are summarized 

in Table 5.1. We can see that on average the H.264 Intra prediction is more efficient than 

GAP prediction. (However, H.264 Intra prediction needs to encode overhead information, 

such as prediction modes [56].) Our super-spatial scheme is able to significantly reduce 

the prediction error. Compared with H.264 Intra prediction, it is able to reduce the SAD 

by up to 79% within these structure regions.  

In Table 5.2, we compare the coding bit rate of the proposed lossless image coding 

method based on super-spatial prediction with CALIC [58], one of the best encoders for 

lossless image compression. We can see that the proposed scheme outperforms CALIC 

and save the bit rate by up to 13%, especially for images with significant high-frequency 

components. Table 5.3 shows the percentages of bits used by three major syntax 

components: structure regions (SR), non-structure regions (NSR), and overhead 

information (including classification map, reference block address, and prediction mode). 

In Table 5.4, we evaluate two image classification methods, Method_A and Method_B, 

as discussed in Section 5.2. We can see that, the Method_B, although has low 

computational complexity, its performance loss is very small, when compared to 

Method_A. In Table 5.5, we evaluate two super-spatial prediction methods: (1) prediction 

of the current block from previous reconstructed image regions and (2) prediction from 

previous reconstructed structure image regions. We can see that limiting the prediction 

reference to structure regions only increases the overall coding bit rate by less than 1%. 

This implies most structure blocks can find its best match in the structure regions.  
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Figure 5.6: 9 test images from USC and Kodak image databases. 

 

Table 5.1:  Prediction performance comparison on the structure regions. 
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Test 
Image 

 
GAP 

H.264 Intra  
Prediction 

Structure  
Prediction 

Saving over 
H.264 Intra 
Prediction 

Lena 20.2 15.9 7.0  56%  
Barbara 22.7 17.8 6.6 63%    
Baboon 22.0 20.5 11.4 44% 
kodim01 16.0 16.0 8.1 49% 
kodim08 18.3 21.8 8.4 61% 
kodim13 22.2 20.8 11.2 46% 

USC1.2.01 31.2 37.8 16.4 57% 
USC1.2.03 31.4 31.6 13.4 57% 

mosaic 15.7 12.1 2.5 79% 
 

 

Table 5.2:  Compression performance comparison with CALIC. 

Test 
Images 

CALIC 
Bit Rate (bpp) 

This Work 
Bit Rate (bpp) 

Bit Rate  
Saving  

Lena 4.097 4.086 -0.011 
Barbara 4.58 4.471 -0.109 
Baboon 5.898 5.71 -0.188 
kodim01 5.091 4.998 -0.093 
kodim08 5.049 5.008 -0.041 
kodim13 5.818 5.638 -0.18 

USC1.2.01 6.973 6.603 -0.37 
USC1.2.03 6.873 6.382 -0.491 

Floor 3.855 3.4 -0.455 
 

Table 5.3: Percentages of bits of major syntax components. 

 
 Test Image 

Percentage of Bits 
NSR SR Overhead 

Lena 99% 0.8% 0.2% 
Barbara 69% 25% 6% 
Baboon 55% 36% 9% 
kodim01 68% 25% 7% 
kodim08 73% 21% 6% 
kodim13 51% 39% 10% 

USC1.2.01 18% 68% 14% 
USC1.2.03 14% 71% 15% 

Floor 86% 10% 4% 
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Table 5.4: Performance comparison between Method_A and Method_B image 

classification methods.  

Image Method_A Method_B Percentage of  
Bit Increase 

Lena 4.086 4.086 0% 
Barbara 4.471 4.463 -0.18% 
Baboon 5.71 5.706 -0.07% 
kodim01 4.998 5.011 0.26% 
kodim08 5.008 5.033 0.50% 
kodim13 5.638 5.671 0.59% 

USC1.2.01 6.603 6.612 0.14% 
USC1.2.03 6.382 6.387 0.08% 

Floor 3.4 3.546 4.29% 
 

 

Table 5.5:  Impact of search range of super-spatial prediction 

Image Search in Encoded  
Image Domain 

Search in Encoded  
Structure Regions 

Percentage of  
Bit Increase 

Lena 4.086 4.086 -0% 
Barbara 4.471 4.506 +0.78% 
Baboon 5.71 5.736 +0.46% 
kodim01 4.998 5.041 +0.86% 
kodim08 5.008 5.083 +1.50% 
kodim13 5.638 5.687 +0.87% 

USC1.2.01 6.603 6.633 +0.45% 
USC1.2.03 6.382 6.415 +0.52% 

Floor 3.4 3.666 +7.82% 
 

5.5 Conclusion 

In this work, we have developed a simple yet efficient image prediction scheme, 

called super-spatial prediction. It is motivated by motion prediction in video coding, 

attempting to find an optimal prediction of structure components within previously 

encoded image regions. When compared to VQ-based image encoders, it has the 
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flexibility to incorporate multiple H.264-style prediction modes. When compared to other 

neighborhood-based prediction methods, such as GAP and H.264 Intra prediction, it 

allows the block to find the best match from the whole image which significantly reduces 

the prediction residual by up to 79%. We classified an image into structure regions and 

non-structure regions. The structure regions are encoded with super-spatial prediction 

while the non-structure regions are encoded with existing image compression schemes, 

such as CALIC. Our extensive experimental results demonstrated that the proposed 

scheme is very efficient in lossless image compression, especially for images with 

significant structure components.   

In our future work, we shall develop fast and efficient algorithms to further reduce the 

complexity of super-spatial prediction. We also notice that when the encoder switches 

between structure and non-structure regions, the prediction context is broken and it will 

degrade the overall coding performance. In our future work, we shall investigate more 

efficient schemes for context switching.  
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CHAPTER 6 

INTER-STRUCTURE PREDICTION FOR EFFICIENT 

LOSSLESS IMAGE COMPRESSION 

 

As mentioned in previous chapters, a real world scene consists of various physical 

objects, such as buildings, trees, grassland, etc. Each physical object is constructed from a 

large number of structural components based upon some pre-determined object 

characteristics. These structural components may repeat themselves at various locations 

of the image. For efficient representation and coding of images, it is critical to develop 

efficient methods to capture this type of similarity or redundancy at the structural 

component level.  

In this work, we develop an efficient image compression scheme based on inter-

structure prediction. This so-called inter-structure prediction attempts to find an optimal 

prediction of structure components within the encoded structure components. We 

consider only lossless image compression. Our extensive experimental results 

demonstrate that the proposed scheme is very competitive and even outperforms the 

state-of-the-art image compression methods such as LOCO-I and CALIC. 

The rest of the paper is organized as follows. We first give an overview of the 

proposed lossless image compression algorithm in Section 6.1. Section 6.2 describes our 

image content classification algorithm. In Section 6.3, we explain the optimum 

reordering, prediction, and efficient encoding of structural components. The conditional 
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indexing of structural components is presented in Section 6.4.  The experimental results 

are given in Section 6.5 and Section 6.6 concludes the chapter.  

 

6.1 Algorithm Overview 

A real world scene consists of various physical objects, such as buildings, trees, 

grassland, etc. Each physical object is constructed from a large number of structural 

components based upon some pre-determined object characteristics. These structural 

components may repeat themselves at various locations of the image. For efficient 

representation and coding of images, it is critical to develop efficient methods to capture 

this type of similarity or redundancy at the structural component level.  

Figure 6.1 shows the overview of the proposed image compression scheme based on 

inter-structure prediction. First, we classify the input data (e.g., the Barbara image in 

Figure 6.2(a)) into two categories: structural components (Figure 6.2(c)) and non-

structural image areas (Figure 6.2(b)). For low complexity, we use block-based 

classification. We apply image smoothing (low-pass filtering) to the non-structural image 

areas to create a smoothed image (Figure 6.2(d)), which is compressed by conventional 

lossless image compression systems, such as CALIC [58].  

Let            be the set of structural blocks that have been extracted from the 

image. We will develop a minimum spanning tree method for optimum re-ordering and 

prediction of these structural blocks. In this inter-structure prediction scheme, a structural 

block can be predicted by any block from the set, which will significantly improve the 

prediction and coding efficiency.  
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Figure 6.1: Overview of the proposed image compression scheme. 

 

 

Figure 6.2: (a) The original Barbara image; (b) non-structure image areas; (c) 

structural components; (d) the smoothed non-structure image. 

 

6.2 Classification of Structural Components 
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We design a scheme for classifying and extracting structural components for lossless 

image compression. 

We make the decision of structure prediction on a block basis. More specifically, we 

partition the image into blocks (e.g., 4×4 blocks). We then classify these blocks into two 

categories: structure and non-structure blocks. Structure blocks will be encoded with 

super-spatial prediction. As discussed in Section 6.1, we will encode the non-structure 

blocks (regions) using conventional image compression technique such as CALIC after 

smoothness.  Figure 6.3 shows the procedure of our classification scheme.  

After CALIC prediction, which will be described in a little detail later on, we 

compare the predicted image against the original one on a block basis. If the block 

difference is larger than a threshold, this block is considered as a structure block, 

otherwise, a non-structure block. For simplicity, we use SAD (sum of absolute 

difference) to measure the block difference. The threshold is chosen based on the 

percentage of structure blocks that we want to encode with super-spatial prediction. For 

example, if we choose 40% of blocks as structure blocks, we simply choose the top 40% 

blocks with the highest SAD values. Note that a binary classification map with “1” for 

structure blocks and “0” for non-structure blocks needs to be encoded and sent to the 

decoder.    

 

 

Figure 6.3: Classification of structure and non-structure blocks. 
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6.3 Optimum Prediction of Structural Components 

In this section, we explain the optimum reordering, prediction, and efficient encoding 

of structural components.  

 

6.3.1 Optimum Reordering of Structural Blocks 

Let            be the set of structural blocks that have been extracted from the 

image. We recognize that a structural block    may not be best predicted by its previous 

neighbor     . This implies that we can re-organize these structural blocks to maximize 

the overall prediction efficiency. We also allow one block to be used as prediction 

reference for multiple blocks. This becomes a minimum spanning tree problem. Figure 

6.5 shows one example of such prediction. Each node represents a structural block. 

Nodes 3 and 5 are predicted from Node 1. Nodes 4 and C are predicted from Node 3. To 

this end, we use the energy (e.g. SAD) of the prediction residual as the distance measure. 

We use the Prim’s algorithm to construct the minimum spanning tree. The tree structure 

and node information are losslessly encoded and sent to the decoder.  

 

 

Figure 6.4: Minimum spanning tree for optimum prediction of structural blocks. 
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If we restrict one block can be used as reference for only one other block (i.e., chain 

prediction instead of tree-based prediction), this becomes a Hamilton path problem: 

finding an optimum path to traverse all structure blocks such that the overall prediction 

residual energy is minimized. This is a NP-hard problem.   

 

6.3.2 Optimum Prediction of Structural Blocks 

In order to minimize the prediction residual energy of a structural block, five 

prediction modes are proposed: mode0, 1, …, 4, which are described below. As shown in 

Figure 6.6, the reference block and the current block to be predicted are denoted as A and 

B respectively.  

Mode 0: In this mode, A is directly used as the prediction of B.    

Mode 1: This mode captures the horizontal structure of B. In this mode, the rightmost 

column of A is first used as the prediction of the leftmost column of B. The leftmost 

column of B is then reconstructed and used as the prediction of the rest columns of B. 

Mode 2: This mode captures the vertical structure of B. In this mode, the bottom row 

of A is first used as the prediction of the top row of B. The top row of B is then 

reconstructed and used as the prediction of the rest rows of B.  

Mode 3: This mode captures the diagonal-down-right structure of B. In this mode, the 

top row and leftmost column of A are first used as the predictions of the top row and the 

leftmost column of B respectively. The top row and the leftmost column of B are then 
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reconstructed and used as the predictions of the rest pixels of B in the diagonal-down-

right direction.  

Mode 4: This mode captures the diagonal-down-left structure of B. In this mode, the 

top row and rightmost column of A are first used as the predictions of the top row and the 

rightmost column of B respectively. The top row and the rightmost column of B are then 

reconstructed and used as the predictions of the rest pixels of B in the diagonal-down-

right direction. 

 

 

Figure 6.5: Four of five prediction modes of structural blocks. 

 

The mode that results in the minimal SAD between a structural block and its 

prediction is selected as the best prediction mode. The residuals of the structural blocks 

are encoded. The information of best prediction modes is encoded as well as overhead 

information to help the reconstruction.  

  

6.4 Conditional Indexing of Structural Components 
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The reordering indices of structural blocks need to be encoded as overhead 

information. The simplest way to do so is directly encoding the reordering indices using 

an entropy coding technique, such as Huffman coding or arithmetic coding. However, in 

order to encode the reordering indices more efficiently, we propose a so-called 

conditional indexing scheme. The basic idea behind this scheme is that the spatial 

correlation of a structural block and its encoded reconstructed neighbors is used to reduce 

the space of the reordering indices. We illustrate the conditional indexing scheme using 

an example as follows.  

Assume there are five structural blocks. They are denoted as {A, B, C, D, E} in 

original raster scan order. They are reordered as {D, A, E, B, C} after optimum 

reordering, which implies that the reordering indices are {3, 0, 4, 1, 2}. As shown in 

Figure 6.7, in the conditional indexing scheme, the new reordering index of A is first 

generated as follows: The neighboring row above A and the column left to A are used as 

the predictions of the top row and the leftmost column of A respectively. The SAD 

between the top row and the leftmost column of A and their predictions are then 

calculated. The similar procedure is repeated to B, C, D and E to obtain the SADs 

between the neighboring row and column of A and the top row and the leftmost column 

of those blocks. Once the five SADs are obtained, they are sorted in increasing order. The 

position of A’s SAD in the sorted SADs is finally determined and used as A’s new 

reordering index. The similar procedure of generating A’s new reordering index is 

repeated to B, C, D and E consecutively and the new reordering indices of {A, B, C, D, 

E} can be finally generated, for example, {1, 2, 1, 0, 2}.  Compared to the old reordering 

indices, {3, 0, 4, 1, 2}, whose space size is 5 and entropy 2.32, the new reordering indices 
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has smaller space size, 3, and entropy 1.52, which implies that fewer bits are needed to 

encode the new reordering indices. At the decoder side, a similar procedure is first 

conducted to obtain the sorted SADs for each structural block location in the image. The 

corresponding block is then located based on its new reordering index.       

          

 

Figure 6.6: Generation of the conditional index of structural block A. 

 

6.5 Experimental Results 

We report results on lossless image compression. We compare the proposed scheme 

with CALIC [58], a very efficient lossless image compression scheme which outperforms 

other state-of-the-art coding methods, such as JPEG-LS/LOCO-I [62].  

Figure 6.8 shows the test images used in lossless compression. Table 1 shows the 

performance comparison (in terms of bit rates in bits per pixel, bpp). It also shows the 

percentage of bits used for the smooth image area, structural components, and other 

overhead, such as index bits. It can be seen that the proposed scheme outperforms CALIC 

and save the overall bit rate by up to 0.3 bpp.  
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Figure 6.7: Test images from USC and Kodak image databases. 

 

Table 6.1:  Performance comparison with CALIC (bit rate in bpp) and percentage of 

bits used for the smooth image area, structural components, and other overhead, such as 

index bits. 

 
Image 

 
CALIC 

This 
Work 

Percentage of Bits 
Smooth SC Others 

Barbara 4.58 4.42 53% 42% 5% 
Lena 4.11 3.96 55% 40% 5% 

Baboon 7.36 7.01 62% 35% 3% 
Bridge 4.46 4.21 61% 33% 6% 

KodIM08 5.04 4.90 57% 39% 4% 
KodIM05 4.85 4.78 50% 44% 6% 

Lake 4.88 4.81 56% 40% 4% 
Truck 4.46 4.24 61% 35% 4% 

 

 

6.6 Conclusion 

In this work, we have developed an efficient lossless image compression scheme 

based on inter-structure prediction. We classified an image into structural components 
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and non-structure image areas. The non-structure image areas, after smoothing, are 

encoded with existing image compression schemes, such as CALIC. Based on a 

minimum spanning tree, we developed an optimum prediction scheme for structural 

components. Our extensive experimental results demonstrated that the proposed scheme 

is very efficient in lossless image compression.  

One major drawback of the proposed method is its computational complexity. The 

major complexity lies in the construction of the minimum spanning tree for optimum 

prediction. In our future work, we will investigate some sub-optimum algorithms to 

provide a good trade-off between complexity and compression performance. 

The success of the super-spatial prediction in lossless image compression implies a 

potential application in lossy image compression. As our future work, we will apply our 

super-spatial prediction to lossy image compression with some necessary modifications.    
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CHAPTER 7 

WILDLIFE ANIMAL INTERACTION DETECTION 

 

7.1 Introduction 

Video accounts of interactions between wildlife animals could aid in disease 

transmission modeling by revealing the frequency and nature of interactions. Many 

wildlife diseases, such as chronic wasting disease (CWD), have been a central challenge 

to wildlife managers and DeerCam could provide crucial information about contact rates 

necessary to understand potential disease spread. 

However, the interactions between wildlife animals, such as deer, are with low 

frequency and the search of those interactions from large amounts of videos is very 

human-labor-expensive. For example, we collected a total of 96.4 hours of video data 

from our past four DeerCam deployments and observed only 11 interactions between 

white-tailed deer comprising a total of 22.8 minutes. The interaction frequency is 0.39% 

(22.8 minutes / 96.4hours) [72]. It will be an unbearable load for wildlife researchers to 

search the interactions between wildlife animals in thousands of hours of video data, 

which is not uncommon. Therefore, it will be very valuable to develop a tool that can 

automatically search a large amount of video data and output the video segments with 

interactions between wildlife animals. This is our initial motivation of developing a 

wildlife animal interaction detection algorithm.  
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The wildlife animal interaction detection can have its application in the energy 

consumption minimization and data storage saving in DeerCam as well. For example, 

some wildlife researchers may be only interested in interactions between wildlife animals 

rather than other activities. In this case, the animal interaction detection unit can be 

integrated in DeerCam to detect the animal interactions between the host animal, whom 

DeerCam was mounted on, and other animal individuals. The digital camera of DeerCam 

only encodes the video only when the animal interactions are detected. Otherwise, the 

camera does not encode the video. By this way, the energy of DeerCam can be reserved 

to encode the videos of animal interactions and the sensor data rather than other data that 

is not interesting to the wildlife researchers. The data storage room in DeerCam is limited 

and it can be saved to store only those interesting videos and sensor data as well.  

 

7.2 Approach Overview 

7.2.1 Problem Simplification 
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Figure 7.1: Three snapshots of a deer interaction in a video captured by DeerCam. 

 

From December 2006 to March 2008, we had four DeerCam deployments. We 

collected nearly 100 hours of video data. We observed 11 interactions between host deer 

and other white-tailed deer. Three snapshots of such an interaction are shown in Figure 

7.1. We can see from these snapshots that the host animal is usually invisible in the video 

frames and if animals are detected we can be certain that there must be an interaction in 
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those frames. Therefore, the problem of animal interaction detection is simplified to a 

problem of animal detection. 

The sliding window detector based on HOG (Histogram of Oriented Gradients) 

feature descriptor and SVM (Support Vector Machine) classifier provides the state-of-

the-art performance for human detection [73, 74]. Naturally, the question can be raised: 

Can we borrow this human detection algorithm for our animal detection?  

It will be a challenging task to detect an animal's body in images due to the large 

variety of poses. However, it will be much easier to detect an animal's face. For example, 

in Figure 7.1, the deer has different poses in those three frames. In frame 3, it is even 

partially visible, which makes the detection of its existence more difficult. However, it 

will be a much easier task to detect its face in those frames. We can be certain that there 

must be an interaction between two deer if deer faces are detected in those frames.  

Based on above discussion, we simplified the task of animal interaction detection to 

that of animal detection then further to that of animal face detection. Since the host 

animals of our current DeerCam system are deer and based on our observations, they 

usually have interactions only with deer. Therefore, we currently apply our animal face 

detection to deer only. We can easily extend our deer face detection to other animal 

spices as well in future.  

7.2.2 Overview of Approach 
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(a) 

 

(b) 

Figure 7.2: Training and detection phases of our deer face detection (a) training phase, 

(b) detection phase. 

  

As mentioned in the previous section, we adopt the methodology of the sliding 

window detector based on HOG feature and SVM classifier to our deer face detection. 

The framework is shown in Figure 7.2.  

In the training phase, the first step is to create the training data.  The positive samples 

are collected by manually cropping deer faces from images containing deer and resized to 

fixed resolution. The negative samples are randomly cropped from the same set of images 

at the regions not containing deer faces. The HOG features are then extracted from these 

positive and negative sample images and stored in a training data file. The training data 

are finally fed into the SVM classifier to train the classifier.       

During the detection phase, the input image is scanned by a window of particular size 

at all locations and multiple scales. For each location and scale, the HOG feature is 

extracted for that windowed region and the SVM classifier is run to produce deer face or 

non-deer face decision. The image regions containing deer faces and their neighboring 
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regions usually produce multiple firings. It is necessary to fuse these overlapping firings 

into a single final detection. We adopt multi-scale object localization technique to do so.  

 

7.3 HOG Feature Descriptor 

7.3.1 HOG Feature 

 

 

Figure 7.3: HOG feature descriptor [73].  

 

Histogram of Oriented Gradient descriptor provides a dense overlapping 

representation of image regions by calculating image gradient orientations in histogram. 

As shown in Figure 7.3, an image region is divided into smaller rectangle ones, called 

"cell". For each cell, gradient is calculated for every pixel and its magnitude is used to 

vote to one of a number of predetermined orientation bins. The orientation histograms of 

multiple adjacent cells, called "block", are accumulated and normalized over the block to 

introduce better resistance to illumination variation.  

 

7.3.2 HOG Feature Extraction Procedure 
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Figure 7.4: The procedure of HOG feature extraction [73]. 

 

HOG feature is computed for every detection window of an input image. The 

procedure is shown in Figure 7.4. The first step applies gamma and color normalization 

to increase robustness against illumination effects. The second step calculates gradient for 

every pixel in each cell and votes to the orientation histogram. The third step normalizes 
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the orientation histograms of the cells within the overlapping block.  The final step 

collects HOGs for all blocks over the detection window to generate a feature vector.  

 

7.4 SVM Classifier 

The SVM classifier is currently one of the predominant classifiers due to its good 

performance and efficiency. A SVM classifier constructs a hyperplane in a multi-

dimensional space. The hyperplane of a good SVM classifier can produce an optimal 

separation that has the largest distance between the training data points of positive and 

negative classes. We use a dense version of SVMLight for our application that minimizes 

the memory consumption of large feature descriptors.  

 

7.5 Multi-Scale Object Localization 
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Figure 7.5: Non-maximum suppression for fusion of multiple overlapping detections 

[73]. 

Non-maximum suppression in [73] is adopted to fuse overlapping detections. The 

overview of this algorithm is provided in Figure 7.5. Readers are advised to refer [73] for 

a detailed description of this algorithm. Figure 7.5(a) is a typical result after scanning the 

SVM classifier over the input image at all locations and multiple scales. There are 

multiple overlapping detections at the region that contains the positive object. Figure 

7.5(b) shows the result of fusing the overlapping detections into a final single detection 

using non-maximum suppression. The procedure of non-maximum suppression is 

demonstrated in Figure 7.5(c). The first stage converts the scores of the SVM classifier 

into non-negative values via clipping function. The second stage maps all detections to a 

3-D location and scale space. The final stage applies mean-shift algorithm to cluster the 

overlapping detections together.   

 

7.6 Experimental Results 

 

7.6.1 Training Data Sets 

We collected 104 deer images with different resolutions from internet using Google 

search tool, along with their right-left reflections. Five of those images are shown in 

Figure 7.6 below for example. From those images, we manually label/crop deer faces and 

resize them to       as positive training samples, as shown in Figure 7.7 for example. 
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Larger size of sample images produces better detection performance but higher 

computational complexity. We choose size of       to make a good tradeoff between 

performance and complexity. The negative samples have the same size and are randomly 

cropped from the same set of images at the regions that do not contain deer faces. Some 

of those negative samples are shown in Figure 7.8 for example.     

 

Figure 7.6: Examples of deer images from which deer face images are cropped then 

normalized as positive training samples. 
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Figure 7.7: Examples of positive training samples. 

 

 

Figure 7.8: Examples of negative training samples that are cropped from the deer 

images at fixed resolution. 
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7.6.2 Parameter Setting 

In our deer face detector, we use the following parameters: RGB color space; no 

gamma correction;          gradient filter for both vertical and horizontal directions; 9 

orientation bins in        for gradient histogram;     cell block of     pixel cells; 

block stride of     pixels; sliding detection window of       pixels with 4 pixels of 

margin on all four sides; sliding stride of     pixels.       

 

7.6.3 Experimental Results 

 

Figure 7.9: Examples of normalized test images with width of 640 pixels. 
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We test our animal face detector on 26 deer images that we collected from internet 

using Google search tool. These images originally have different resolutions but are 

normalized to images whose widths are 640 pixels while their original width-height ratios 

are unchanged. Some of the normalized images are shown in Figure 7.9 for example. The 

deer faces in 23 images are correctly detected and some examples are shown in Figure 

7.10. The deer faces in 3 images are not correctly detected and two examples are shown 

in Figure 7.11. The detection rate of our deer face detector for this test image set is 88.5% 

(23/26). Figure 7.12 is the ROC curve of our deer face detector.  
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Figure 7.10: Examples of correct detection. 
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Figure 7.11: Examples of incorrect detections. 

 

Figure 7.12: ROC curve of our deer face detector. 

 

7.7 Conclusion 
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In this work, we developed an animal interaction detection method using supervised 

learning methods. By integrating this detection functionality into our DeerCam, it is able 

to detect events of animal interactions which will trigger the on-board video encoder to 

encode and save interesting videos. This will significantly reduce the amount of video 

data to be encoded and improve the utility of the visual sensing data. It will also provide 

important reference for sub-sequent wildlife behavior analysis.   
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CHAPTER 8 

CONCLUDING REMARKS AND FUTURE WORKS 

 

In this chapter, we first summarize our works presented in Chapter 2 – 7, then 

introduce our future works. 

 

8.1 Concluding Remarks 

In this research, we focus on algorithm development and system design for resource-

efficient portable video communication system design and their application in wildlife 

monitoring and interaction tracking. The capability of seeing what an animal sees in the 

field is very important for wildlife activity monitoring and research. We design an 

integrated video and sensor system, called DeerCam and mount it on free-ranging 

animals so as to collect important video and sensor data about their activities in the field. 

From the video and sensor data collected by DeerCam, wildlife researchers will be able 

to extract a wealth of sciatic data for studying the behavior patterns of wildlife species 

and understanding the dynamic of wildlife systems.  

In this dissertation, we focus on the four tightly coupled research issues: 

(1) Energy minimization.    

(2) Intelligent resource allocation and utility maximization.  

(3) Efficient image encoder. 

(4) Animal interaction detection for event-driven wildlife monitoring.  
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In Chapter 2, we presented our various approaches to address the first two challenges: 

Energy minimization and Intelligent resource allocation and utility maximization of 

energy-aware portable video communication system for wildlife activity monitoring. We 

developed joint power-rate-distortion (P-R-D) algorithms for complexity control and 

energy minimization.  We also developed methods to maximize the utility function under 

resource constraints. We demonstrated that by incorporating the third dimension of power 

consumption into conventional R-D analysis, P-R-D analysis gives us one extra 

dimension of flexibility in resource allocation and energy minimization, and allows us to 

significantly reduce energy consumption.     

In Chapter 3 - Chapter 6, we proposed several approaches to address the third 

challenge: Efficient image compression. More specifically, in Chapter 3, we developed an 

image compression algorithm based on structure learning and prediction. When learning 

local image structures, we attempt to find a small number of basis vectors whose linear 

combinations are able to closely approximate local image patches. By extrapolating these 

linear combination coefficients, we can efficiently predict neighboring pixels of the local 

image patch. To design an efficient image encoder based structure prediction, we 

introduced the ideas of separation of an image into structure, transition, and structure 

regions and smooth-painting. Our experimental results demonstrate that the proposed 

algorithm outperforms JPEG2000 image compression.  

In Chapter 4, we presented an efficient lossless image compression algorithm based 

on structure learning and prediction. We classified an image into structure regions and 

non-structure regions. The structure regions are encoded with structure prediction while 

the non-structure regions are encoded with existing image compression schemes, such as 
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CALIC. Our extensive experimental results demonstrated that the proposed scheme is 

very efficient in lossless image compression, especially for images with significant 

structure components.  

In Chapter 5, we designed a simple yet efficient image prediction scheme, called 

super-spatial prediction. It is motivated by motion prediction in video coding, attempting 

to find an optimal prediction of structure components within previously encoded image 

regions. When compared to VQ-based image encoders, it has the flexibility to incorporate 

multiple H.264-style prediction modes. When compared to other neighborhood-based 

prediction methods, such as GAP and H.264 Intra prediction, it allows the block to find 

the best match from the whole image which significantly reduces the prediction residual 

by up to 79%. We classified an image into structure regions and non-structure regions. 

The structure regions are encoded with super-spatial prediction while the non-structure 

regions are encoded with existing image compression schemes, such as CALIC. Our 

extensive experimental results demonstrated that the proposed scheme is very efficient in 

lossless image compression.   

In Chapter 6, we proposed an efficient lossless image compression scheme based on 

inter-structure prediction. We classified an image into structural components and non-

structure image areas. The non-structure image areas, after smoothing, are encoded with 

existing image compression schemes, such as CALIC. Based on a minimum spanning 

tree, we developed an optimum prediction scheme for structural components. Our 

extensive experimental results demonstrated that the proposed scheme is very efficient in 

lossless image compression. 
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In Chapter 7, we addressed the fourth challenge:  Animal interaction activity 

detection. We developed an animal interaction detection method using supervised 

learning methods. By integrating this detection functionality into our DeerCam, it is able 

to detect events of animal interactions which will trigger the on-board video encoding 

system to capture video samples. This will significantly reduce the amount of video data 

to be encoded and improve the utility of the visual sensing data. It will also provide 

important reference for sub-sequent wildlife behavior analysis. 

 

 

8.2 Future Works 

In our future works, we will explore various ideas to further reduce the 

computational complexity of the encoding algorithms proposed in Chapter 3 - 6, 

especially the structure learning and prediction. We will also study how the structure 

learning and prediction could be integrated with lifting-based wavelet transform for 

adaptive image prediction and transform.  

In our future works, we shall develop fast and efficient algorithms to further reduce 

the complexity of super-spatial prediction (Chapter 5). We also notice that when the 

encoder switches between structure and non-structure regions, the prediction context is 

broken and it will degrade the overall coding performance. Therefore, we shall 

investigate more efficient schemes for context switching. 

One major drawback of the lossless image compression algorithm based on inter-

structure prediction (Chapter 6) is its computational complexity. The major complexity 

lies in the construction of the minimum spanning tree for optimum prediction. In our 
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future work, we will investigate some sub-optimum algorithms to provide a good trade-

off between complexity and compression performance. 

The success of the lossless image compressions presented in Chapter 4 – 6 implies 

their potential applications in lossy image compression. As our future work, we will 

apply them to lossy image compression with some necessary modifications.    

We should also further improve our animal interaction detection method in aspects 

of complexity and detection performance.  



127 
 

APPENDIX A 

 

In this appendix, we prove that the optimum basis functions which minimize the 

following approximation error  

   
           

                     

 

   

 

 

 

   

                                      

are the first   singular vectors of    Note that 

                

 

   

 

 

 

   
        

 

 

   

                                                    

where             . Note that  

     
 

 

   

 

   

                                                                           

Here,               and we use the result              . According to (A.2) 

and (A.3), the problem in (A.1) becomes 

   
                 

                                                                         

Suppose   has SVD decomposition                 . Then, we have          

with                    where              . Write         which is 

an      matrix with orthonormal columns. According to the property of matrix 

trace,                , we have  
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where            . Note that       and       because   is a projection matrix. 

We also have 

        

 

   

                                                                               

because matrix    is an      matrix with orthonormal columns. Therefore, the 

optimization problem in (A.4) becomes 

   
     

        

 

   

               

 

   

                                               

Note that             . The optimum solution of (A.7) is given by    

           and       for        This implies that    is the  -th column of 

matrix  .                                  
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