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SUMMARY

The objective of this research is to design resource-aware and robust image processing
algorithms, system architecture, and hardware implementation for intelligent image sen-
sor systems in the Internet-of-Things (IoT) environment. The research explores the design
of a wireless image sensor system with low-overhead pre-processing, which is integrated
with a recon gurable energy-harvesting image sensor array to implement a self-powered
image sensor system. For reliable delivery of region-of-interest (ROI) under dynamic en-
vironment, the research designs low-power moving object detection with enhanced noise
robustness. The system energy is further optimized by a low-power ROI-based coding
scheme, whose parameters are dynamically controlled by a low-power rate controller to
minimize required buffer size with minimum computational overhead. To enable machine
learning based intelligent image processing at the 0T edge devices, the research proposes
resource-ef cient neural networks. The storage demand is reduced by compressing the
neural network weights with an adaptive image encoding algorithm, and the computation
demand is optimized by mapping the entire network parameters and operations into the
frequency domain. To further improve the energy-ef ciency and throughput of the edge
device, the research explores inference partitioning of a DNN between the edge and the

host platforms.
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CHAPTER 1
INTRODUCTION

With the increasing demand of ubiquitous sensing and remote monitoring, wireless im-
age sensor systems are expected to become essential components of the Internet of Things
(IoT) environment. As these sensor nodes are usually operated under stringent resource
constraints and dynamic variations of operating condition, a critical goal in a design of a
sensor node is to enhance resource ef ciency and robustness in delivering visual informa-
tion.

Conventional image sensor systems have focused on the capabilities of wireless sensor
nodes to capture, process, and transmit visual information to the base station, while leaving
the task of video analysis to human operators [1]. In this con guration, delivering images
with higher perceptual quality to human operators is critical. Therefore, the sensor node de-
sign requires exploring resource-quality scalability to optimally allocate limited resources
for better visual information.

As human visual attention focuses on the Region-of-Interest (ROI) in an image, ROI-
based processing (ROI detection and ROI coding) is a common design approach for better
energy-quality scalability of sensor nodes [2]. In surveillance applications where the ROIs
are de ned as the regions with moving objects, sensor systems usually incorporate moving
object detection methods to optimally allocate the resources while preserving the quality of
moving objects. Once the ROl is determined, ROI coding allocates the available data rate to
the ROI/non-ROI for higher ROI quality and graceful degradation of the non-ROI quality
[3]. One of the biggest challenges to the ROI detection is dynamic environmental noise
that can be falsely detected as moving objects. Another challenge is the stringent resource
constraints such as energy, area, and transmission bandwidth. Therefore, the ROI-based

processing methods should be robust to the noise as well as ef cient in terms of memory



and computation demand.

The optimization of video quality and energy consumption also involves variation in
a wireless channel condition. When the channel condition worsens, a wireless transmitter
usually enhances channel reliability at the cost of a lower channel data rate or higher signal
power, which results in an increase in transmission energy or degradation of the quality.
Therefore, an optimal energy-quality tradeoff under varying channel conditions requires
system-wide feedback control that adaptively tunes the target data rate. Once the target
data rate is determined, the remaining challenge is to guarantee the data volume generated
by an image processor match the target data rate, since the mismatch imposes energy/area
overhead due to large buffer requirement. However, the encoding rate can vary due to
the variable content of video frames. Consequently, to minimize the latency and buffer
requirement, there is a need for an on-line rate controller that matches the encoding rate
with the transmission data rate.

In remote sensing and military surveillance applications of image sensor systems, the
sensor systems are usually deployed in areas where human intervention for battery replace-
ment is a costly operation [4]. Therefore, it is highly desirable that the sensor node can
harvest energy to sustain longer with a limited battery or even power itself without a bat-
tery. To enable a truly self-powered system, an energy harvesting device should be an
on-chip module such as an image sensor array, and harvested energy should support a com-
plete image sensor including an image processor, memory, a power management unit, and
a transmission controller.

In addition to conventional model-based image processing algorithms, there is a grow-
ing interest in complex deep neural networks (DNNs) for intelligent computer vision tasks
including image classi cation, pattern recognition, and gesture detection [5][6][7]. To
eliminate the need for human involvement in the human operator based surveillance system,
deep neural networks can be adopted at the host platform to build an intelligent surveillance

system. In such a system con guration, the most critical performance metric is detec-



tion/classi cation accuracy of the neural network. Therefore, ROI-based processing of the
image sensor node should be designed to process the video in a way that the neural network
achieves higher accuracy.

DNNs are also widely adopted at the IoT edge devices to enable more intelligence.
However, the biggest challenge is their storage demand and computational complexity. As
DNNs contain a large number of synaptic weights, the memory demand is a key challenge
for application of DNNSs, especially for memory-constrained platforms such as mobile sys-
tems. Another bottleneck of DNNSs is the computation demand, mostly due to their large
number of multiplications in convolution layers. Therefore, reducing the storage and com-
putation demand of neural networks is critical, speci cally, to support in- eld and on-chip
training and inference.

The goal of this research is to design an intelligent image sensor system through resource-
aware and robust image processing algorithms and deep neural networks. This goal is
achieved by rst designing an low-power wireless sensor system with ROI detection and
coding. The system is integrated with an energy-harvesting image sensor array to imple-
ment a self-powered image sensor system. The moving object detection method is en-
hanced to have robustness to the environmental noise. Based on the ROI information,
the system energy is further optimized by a low-power ROI-based coding scheme. The
research also investigates how the energy-quality scalability of ROI-based processing is
translated into the energy-accuracy scalability. The ROI-based processing parameters are
dynamically controlled by a low-power rate controller to minimize required buffer size with
minimum computational overhead.

To enable deep learning based intelligent image processing at the 10T edge devices
with limited hardware resource, the research proposes neural network design with lower
storage and computation demand. The storage demand is reduced by compressing the
neural network weight, and the computation demand is optimized by mapping the network

into the frequency domain. The research also explores inference partitioning of a DNN



between the edge and the host platforms to improve the energy-ef ciency and throughput
of the edge device.

The rest of the thesis is organized as follows: In Chapter 2, the detailed background
and literature survey is presented. Chapter 3 presents the design and implementation of
low-power wireless image sensor system. Chapter 4 presents energy-ef cient and robust
image processing through Rol-based processing. Chapter 5 introduces on-line adaptation of
target data rate and encoding data rate according to the variations in wireless channel and
input video characteristics. In Chapter 6, techniques for memory- and computationally-
ef cient deep neural networks are presented. Chapter 7 introduces partitioning of neural
network inference for resource-ef cient inference at the 10T edge devices. Finally, Chapter

8 describes the key research contributions and future research directions.



CHAPTER 2
BACKGROUND

2.1 Image Sensor Systems with ROI-based Processing

To enhance the ef ciency of wireless video sensor systems, several studies have suggested
approaches that concentrate on the ROIs in a video. Generally, these approaches can be

divided into two parts: ROI detection and ROI-based processing.

2.1.1 Moving ObjectDetectionMethods

The algorithm design for ROI detection depends on how the ROI is de ned. When the
ROl is de ned as a region with moving objects, detection of the ROI can be divided into
two categories depending on the complexity and robustness: low-power moving object

detection and noise-robust moving object detection.

Low-Power Moving Object Detection

Several prior studies have presented moving object detection methods for resource-constrained
applications using simpler methods based on frame differencing [8], edge detection [9], and

a combination of these two operations [10][11]. Frame differencing (FD) is the pixel-wise
difference between two consecutive frames, followed by thresholding. Although it is of

low complexity, it is subject to false detection on the frame with dynamic change in the
background [10]. Edge detection (ED) has also been used for low-power systems; how-
ever, it can generate false detection since an edge image contains not only the edge of
target objects but also that of background objects. Alternatively, approaches based on a
combination of ED and FD have been suggested; Kim et al. proposed an algorithm based

on the edge map of the inter-frame difference image (FD+ED) [10], and Ko et al. suggested



Figure 2.1: (a) Memory requirements of moving object detection methods. Example de-
tection results under noisy condition using (b) FD, (c) ED, (d) FD+ED, and (e) ED+FD.

an algorithm based on the inter-frame difference of edge maps (ED+FD) [11]. However, as
Figure 2.1(b)-(e) show, these low-overhead methods are susceptible to noise in the dynamic

environment and are not suitable for outdoor sensor platforms.

Noise-Robust Moving Object Detection

The most common approach for noise-robust moving object detection is background sub-
traction with a multimodal background model. In this approach, the background pixel is
modeled through multiple probability distributions to cope with background objects show-
ing dynamic motions. The most widely- used modeling method is Gaussian Mixture Model
(GMM) [12], which employs a weighted sum of Gaussian distributions to describe the
probability of observing the intensity at each pixel. Other multimodal background model-
ing approaches have been proposed based on the codebook [13], kernel density estimation
(KDE) [14], and eigenspace [15]. A critical drawback of these methods, although they
perform well under noise, is signi cant memory requirements [16], as summarized in Fig-
ure 2.1(a). Another way of identifying moving objects is to calculate optical ow (OF),

the changes of motion between frames with the assumption of constant brightness. Horn-
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Figure 2.2: Frame data size and buffer level of the multi-rate method with a frame rate of
ROI =10, non-ROI =0.2 frames/sec.

Schunck method employs low-pass ltering to reduce the noise-sensitivity [17]. Another
study exploited the consistency of optical ows over a short period of time in order to cope
with the salient background [18]. Although these methods are effective under dynamic
background, they require substantial computation and memory resources to compute the
velocity of each pixel. For example, the standard Lucas-Kanade method as implemented

by Barron et al. requires 105 operations and 16 bytes of memory per pixel [19].

2.1.2 ROI-BasedCodingMethods

Once the ROI is detected, a video can be processed more ef ciently by focusing on the ROI.
The simplest approach to ROI-based coding is to drop non-ROI blocks and encode/transmit
only the ROI blocks [20]. This approach reduces encoder energy and overall data volume
as non-ROI blocks are not encoded or transmitted. However, it can suffer from the loss
of context information and lower overall visual quality since no visual information on the
background is delivered. Moreover, in case of the false negatives, i.e., the ROI is falsely
determined as the non-ROI, the ROI quality degrades signi cantly since no ROI informa-
tion is transmitted. To address these drawbacks, Lai et al. [21] have proposed the multi-rate
approach that transmits non-ROI blocks with a frame rate lower than that of ROI blocks.
However, whenever the frames with non-ROI blocks are transmitted, the transmit volume

increases signi cantly, requiring a large buffer to accommodate high uctuation in the en-



Figure 2.3: MJPEG packet structure of each approach.

coding rate [Figure 2.2]. Moreover, for correct reconstruction of the image frames without
non-ROI blocks, a sensor node needs to transmit block identi ers that contain the location
(or sequence number) of the blocks [Figure 2.3(b)].

An alternative (spatial) approach is to transmit both ROI and non-ROI blocks, but com-
press non-ROI blocks more than ROI blocks. One of the spatial approaches is to use mul-
tiple QF values in a frame; higher QF for ROI blocks, lower QF for non-ROI blocks [22].
However, the multi-QF approach also requires extra transmission of one additional QF
value and the ROI map indicating whether a block is encoded using the higher or lower QF
[Figure 2.3(c)]. Also, as the standard MJPEG uses a single QF in a frame, the multi-QF ap-
proach adds energy/area overhead to the MJPEG encoder/decoder to enable frame encoding
with the two different QFs. Another spatial approach is to pre-process non-ROI blocks to
enable higher compression at the encoder. The prior studies have proposed pre- Itering of
non-ROI blocks via low-pass lters such as a median lter [23] and a Gaussian lter [24],
which reduce high-frequency information in non-ROI blocks, enabling high compression
with the same QF. Pre- Itering can be an attractive solution because the unit operation of
median or Gaussian ltering is low-complexity. However, it is an inef cient solution for
on-line tuning of non-ROI size/quality since larger Iter size for more smoothening (more

compression) requires heavy computation, and hence, increases computation energy [2].



2.1.3 Effectof ROI-BasedProcessingn NeuralNetworkInference

Conventionally, most of the ROI-based processing schemes are targeted to provide high
perceptual quality of the ROI under the data rate constraint. These approaches assume a
base station with a human operator monitoring a video scene received from the sensor node.
Meanwhile, recent studies have proposed autonomous video monitoring systems to mini-
mize human error and intervention in a monitoring process [25]. More recently, the success
of deep neural networks on image classi cation [26][27] have introduced deep-learning
based video monitoring systems in many applications such as moving object detection
[28], object tracking [29], and vehicle classi cation [30]. In such a system con guration,
the critical goal of the sensor node is to process/transmit images so that the neural networks
achieve higher detection/classi cation accuracy. Several recent studies compared how the
neural networks and human subjects perform differently on distorted images [31][32]. An-
other set of studies have investigated how the deep neural network performance is affected
by different types of image distortions including noise [33], optical blur [34], and JPEG
compression [35]. However, all the existing studies have utilized uniformly distorted im-
ages for their experiments. For a wireless sensor node with limited energy and bandwidth,
allocating more resources to the ROI using ROI-based processing is necessary for better
energy-quality scalability. However, no work has been done to investigate the effect of
ROI-based processing on the classi cation performance of neural network in wireless sen-

sor node applications.

2.1.4 ImageSensoiNodeswith EnergyHarvesting

In the applications of wireless image sensor nodes, the sensor nodes are usually deployed
in areas where human intervention for battery replacement is a costly operation [4].There-
fore, sensor nodes are expected to operate for a long period of time with limited energy
sources. Longer life time can be achieved by harvesting ambient energy in the environment

[36]. However, energy harvesting generally requires additional devices (thermoelectric,
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Table 2.1: System level comparison chart with prior works

piezoelectric, photovoltaic, etc.). An alternative approach to a truly self-powered sensor
node design will be using the existing sensor itself as an energy harvesting device. Many
wireless image sensing requires relatively low frame-rate, often limited by the channel
bandwidth. Hence, the pixel array is used for sensing only for a limited fraction of time.
The on-chip sensor can be con gured to harvest energy during the idle time and store har-
vested energy in a battery or super-capacitor, providing potential of a truly self-powered
system. A few recent studies have shown the feasibility of using an image pixel array for
harvesting (Table 2.1) [4][37][38][39][40]. However, the existing works only considered a

pixel-array and peripherals.

2.2 Data Rate Control in Image Sensor Systems

2.2.1 TargetDataRateControl

Only a limited body of work has focused on integrating ROI-based processing and the op-
timization of transmission energy under the variation of wireless channel conditions. To
adapt system parameters to varying channel conditions, Fallah et al. proposed a link adap-
tation technique in which a transmitter can adaptively control its transmission parameters
[41]. As the channel condition worsens, it increases transmission signal power or decreases
the channel data rate to satisfy the bit-error-rate (BER) target. However, when the data rate

of the channel is lower than that of the encoder, the conventional link adaptation tech-
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nique, which is independent of an encoder (the independent control scheme), may result
in random packet drop, leading to signi cant quality degradation. To address this prob-
lem, Haratcherev et al. proposed cross-layer signaling, which informs the encoder of the
channel data rate so that the encoder can change its data rate as well (the feedback control
scheme) [42]. However, if the feedback control scheme uses conventional rate-controlled
encoders, it controls the source data rate by changing only the quality of the entire video,
which may result in a low-quality ROI (the content-unaware feedback control scheme).
Although the feedback controller with existing ROI-based processing approaches (i.e., the
content-aware and energy-unaware feedback control scheme) can optimize the quality of
the ROI, it is subject to an energy increase in the case of a channel rate decrease or a signal

power increase.

2.2.2 EncodingDataRateControl

A key challenge of applying ROI-based coding in wireless video sensing is to guarantee
the data volume generated by an ROIl-based encoder (encoding rate) match the available
transmission data rate. However, the wireless channel bandwidth and the maximum trans-
mission data rate can vary over time. Likewise, the encoding rate can also vary due to the
variable content of video frames. If the encoder generates too much data that cannot be
accommodated by the transmitter, the data should be buffered to avoid random packet drop
at the transmitter. However, buffering introduces variable latency between the source and
destination, and imposes energy/area overhead due to large memory requirement. Conse-
guently, to minimize the latency and buffer requirement, there is a need for an on-line rate
controller that matches the encoding rate with the transmission data rate.

The recent encoders such as H.264/AVC incorporate rate controller schemes that allo-
cate proper bit budgets and determine a quantization parameter (QP) to minimize quality
degradation based on rate-distortion-optimization [Figure 2.4(a)]. However, calculation

and update of the parameters require complex computation with appreciable energy cost,
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Figure 2.4: ROI-based rate controller design (a) tied to H.264/AVC and (b) based on a
simple encoder (MJPEG).

and hence, it is not suitable for energy-constrained systems [43]. On the other hand, the
existing ROI-based coding schemes use lower-complexity codecs such as motion JPEG
(MJPEG); however, they do not employ rate controllers that can dynamically modulate
the ROI-based coding parameters. Therefore, an ROI-based coding scheme with a low-
complexity rate controller is necessary to improve the quality of visual information under

stringent system energy constraints.

2.3 Resource-Ef cient Deep Neural Networks

2.3.1 MemoryDemandReductionTechnigues

There have been various approaches that compress the weights of a neural network to en-
hance memory-ef ciency. One simple way is reducing the bit-precision of the weights to
reduce both computation energy and storage requirements, as demonstrated in [44]. Instead
of uniformly quantizing all the weights with the same bit precision, per-layer quantization
[45][46] used different precision in each layer for higher compression ratio. However, the

compression is limited by the lowest bit precision, for example, reducing precision from

12



32 bit to 4 bit will only result in 8X compression. To achieve higher compression, ap-
proaches have been explored to reduce the number of weights, for example, by neglecting
weights (pruning connections) with magnitude below a threshold [47]. Another approach
is the low-rank matrix approximation, which uses factorization to reduce the representation
by two smaller matrices [48]. For lossless compression of output images of convolutional
neural networks, Chen et al. used a run-length-based encoding technique [49]. There are
a few works that compress the weights by transforming them into the frequency domain.
Koutnk et al. has presented a method to discard high frequency components of the weights
to meet the compression requirement [50]. Chen et al. has proposed to random hashing
of the frequency components of convolutional neural network Iters into smaller set of
hash buckets [51]. Most of the preceding approaches for reducing the weight size require
changing the training process to minimize the accuracy loss. For example, the approach in
[52] utilizes ne tuning (retraining) after each compression stage to maintain the original
accuracy. Other recent studies proposed a specialized training algorithm for binary repre-
sentation of the weights [53][54]. Chung et al. also proposed a method based on matrix
factorization and pruning [55], which also requires ne tuning. If the prior compression
approaches are applied without modi cation of training algorithm (or re-training), the ac-

curacy drop can be signi cant [55].

2.3.2 ComputatiorDemandReductionTechniques

As the computation demand of CNNs is largely dominated by convolution layers, a number
of studies have explored ef cient computation models for convolution layers [56]. Several
methods have focused on reducing the number of convolution operations by approximating
the network parameters [57]. An interesting alternative approach for fast training is to ex-
ploit the duality between spatial- and frequency-domain computation through the Fourier
transforms. Recent studies [58][59] have shown the feasibility of replacing convolutions

with simpler pointwise multiplications in the frequency domain (FFT-based approach).
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However, this approach replaced only the operations inside the convolution layer, requir-
ing computationally-intensive Fast Fourier Transforms (FFTs) and Inverse FFTs (IFFTSs)
at the boundary of every layer. Moreover, frequency-domain mapping of the parameters
requires kernels to be prepared as same dimension as feature maps for pointwise multipli-
cations, thereby signi cantly increasing the total memory required. In summary, although
the frequency-domain approach provides fast training of CNNs, the entire network model

should be carefully designed to reduce the overhead.

2.4 Collaboration of Edge and Host Platforms for DNN Inference

With recent advance in deep learning techniques, application of DNNs to the 10T environ-

ment is being actively investigated. A typical system con guration uses edge platforms

for sensing visual data, which is transmitted to and processed by the host with a DNN in-
ference engine. This con guration is appealing in the applications where the host make
central decision and control, such as vehicle detection and recognition [60], remote moni-
toring [61], and scene analysis [62]. Although this approach relieves the inference demand
for the edge platforms, its performance will largely depend on reliable transmission of the

images through a wireless channel with limited bandwidth.

Recent innovation in network compression [63] and hardware/architectural accelera-
tion techniques [64] has enabled edge platforms with an integrated image sensor and deep
learning inference engine [65]. When these edge platforms are used to perform the en-
tire inference for delivering the result to the host, large resource demand of deep neural
networks will limit their performance.

As opposed to the entire inference at the edge or at the host, a recent study presented a
distributed structure of edge devices performing inference of a shallow part of the network
[66]. However, network partitioning presented in this study was not based on the energy
and throughput analysis of the system. Moreover, it did not apply an encoding technique

to the intermediate-layer features before transmitting them. Although a few studies have
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investigated the accuracy impact of input image encoding [67] and the weight compression
[63], there has been no work that explored the effect of intermediate-layer feature encoding

on the neural network performance.
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CHAPTER 3
RESOURCE-AWARE IMAGE SENSOR SYSTEM DESIGN

3.1 Design of a Low-Power Image Sensor System

3.1.1 Introduction

Wireless video sensor nodes in the 1oT environment are usually powered by limited energy
sources. Therefore, the sensor system design should be optimized under a stringent system
energy constraint [68]. Since a major source of its energy consumption is wireless trans-
mission, an ef cient video compression algorithm should be used to reduce the amount
of data being transmitted to the wireless network [69]. Although most conventional com-
pression algorithms assume equal importance of every region in a video, users pay more
attention to their regions of interest (ROI) in many video applications [3]. For example,

in a remote surveillance application with a xed camera, regions with moving objects are
more important than the background. Therefore, by acknowledging the relative importance
of an ROI, we can enhance the energy ef ciency of a system while preserving the quality
of an ROI. However, ROI-based processing can be computationally expensive, for exam-
ple, hardware engines for accurate motion estimation as used in H.264 standards require
signi cant energy and area [70]. Therefore, to design a ROI-based video-processing ap-
proach suitable for resource constrained sensor nodes, we must investigate a system-level
tradeoff between energy and the ROI quality. In this section, | propose an energy-ef cient
wireless video sensor node with content-aware pre-processing and an energy- and content-
aware feedback control scheme. This work proposes content-aware pre-processing, which
reduces both computation and transmission energy by selectively encoding and transmit-
ting regions with moving objects in a video. For energy- and area-ef cient detection of

moving objects, | design a simple pre-processor based on edge detection and frame differ-
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encing, which provides an approximation of moving object detection. The content-aware
pre-processing is combined with the standard MJPEG encoder, improving both rate-quality
and energy-quality trade-offs over the conventional MJPEG and H.264-intra based encod-
ing approaches. | further reduce the area and energy of the proposed system through block-
level pipelining and an optimal voltage/frequency assignment with power gating. The full-
chip design and synthesis in the 45nm predictive technology model (PTM) library show
that the pre-processor adds only 3.0% energy and 5.5% area overheads to the standard
MJPEG. Analysis with a color video of 160 x 120 pixel resolution (twelve-bit pixel depth)
shows that the sensor node can operate within 1.1 uJ/frame computation energy at a frame

rate of ten frames/second.

3.1.2 Key DesignConcepts

System Design

The proposed system aims to maximize the quality of the ROI under varying channel con-
ditions with less area and energy consumption. This goal is achieved by the following
design concepts: 1) simple pre-processing for moving object detection, 2) an energy- and
content-aware control scheme for adapting to channel conditions, and 3) low-power design
techniques. The block diagram of the proposed system is shown in Figure 3.1. First, the
pre-processor calculates the temporal activity of edges for each macroblock (MB). Since
the standard MJPEG encoder processes the image with the unit of an 8x8 pixel block, the
MB size other than 8x8 pixels requires additional buffer and control logic. Therefore, |
use an 8x8 pixel MB for pre-processing in this work, but varying MB size would be inter-
esting future work. After each MBs activity is calculated, MBs with activity levels higher
than the pre-de ned threshold are encoded by the MJPEG and transmitted, while MBs with
lower activity levels than the threshold are dropped. As the threshold can change the num-
ber of MBs to process in a frame, it can be used as a control parameter to regulate the

source data rate together with the quality factor (QF) in the baseline MJPEG encoder. The
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Figure 3.1: Block diagram of the proposed system.

source data rate is determined so that the target transmission energy is maintained even
in a variation of a wireless channel. Each module employs low-power design techniques
including block level pipe-lining and power gating. | use the MJPEG encoder in this work
because it is more ef cient in terms of area and energy consumption than recent encoders
such as H.264 or MPEG. These encoders are computationally complex because they use
motion compensation techniques to remove temporal redundancy for higher compression
ratio [71]. Meanwhile, the baseline MJPEG does not exploit dependency between frames,
resulting in lower en-coding effectiveness. Therefore, to improve encoding effectiveness
with a small increase in complexity, | employ a simple pre-processor that eliminates tem-
poral redundancy (stationary background objects) by examining the dependency between

two consecutive frames.
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Figure 3.2: Procedure of the content-aware pre-processing.

Content-Aware Pre-processing

In order to perform moving object detection in a low-power sensor node, the pre-processor
should adopt an energy- and area-ef cient algorithm. At the same time, the algorithm
should correctly detect moving objects to maximize both the reduction in the transmission
energy and the quality of the ROI. As ED is ef cient in memory requirement and boundary
detection and FD can remove temporal redundancy, | employ a sequential combination of
ED and FD to take advantage of the two methods. The procedure of the proposed algorithm
is shown in Figure 3.2. After performing edge detection using the Sobel operator on the
current frame n, we obtain an edge ntapin which the pixel value is 1 on an edge and

0 otherwise. Then, we calculate the absolute pixel-by-pixel difference beti#gavith

En 1) and sum them up for an MB to obtain the activity level of i-th MB in a framah,
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If the activity level of an MB is larger than or equal to the threshold, the MB is sent to
the encoder. Otherwise, the MB is not processed. That is, MBs that have more pixels with
varying edges than the threshold are marked as ROIs. In a color video with a YUV format,
the Y component, which represents the luminance of the color, is a good candidate for edge
detection [72]. Therefore, to reduce the computation, pre-processing is performed only on
the Y component. Since the U and V components are normally in half-resolution of the Y
components, the number of MBs in the Cb or the Cr components is less than that in the Y
component. Therefore, if at least one MB in the Y component is determined as the ROI,
the corresponding MBs in the Cb and the Cr components are also marked as the ROI to
correctly represent the color of ROl MBs. The most important advantage of the proposed
method is its high ef ciency in terms of energy and area. Since it is based on computation-
ally inexpensive operations such as edge detection, frame differencing, and thresholding, it
is of low complexity. It is also area-ef cient because it requires only one-bit memory per
pixel to store the previous edge map, while FD necessitates eight-bit memory per pixel to
store the original data of the previous frame. In addition to the high ef ciency, the pro-
posed approach also yields a high performance in detecting moving objects. It is robust to
dynamic scene changes since the edge information on the objects remains signi cant even
in a variable environment. Moreover, it reduces false detection on stationary objects since
the FD operation followed by ED removes temporal redundancy on the edge locations of
the stationary objects over two consecutive frames. Even if slight temporal changes in their
edge locations generate noise in the background MBs, the thresholding operation followed
by ED and FD correctly drops these MBs since their activity levels are usually lower than

that of ROl MBs.
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Figure 3.3: Effect of pipelining level. (a) Diagram. (b) Area estimation.

3.1.3 Low-PowerEncoderDesign

The MJPEG encoder with pre-processing is designed in the 45-nm PTM library. To in-
crease energy ef ciency of the system, | employ low power design techniques including

block-level pipelining and pow-er gating.

Pipelining

The proposed system has two pipeline stages (the pre-processor and the MJPEG), in which
we can apply two kinds of pipelining schemes: block- and frame-level pipelining, shown in
Figure 3.3(a). In block-level pipelining, once the pre-processor processes one MB, the MB
stored in a buffer is fetched by the MJPEG encoder. By contrast, frame-level pipelining
stores and processes the video frame by frame. Our design uses block-level pipelining
since it allows lower latency and a smaller buffer. This advantage de-pends on the size of
an input video. If we assume a video with 160 x 120 pixels and 300 MBs in one frame, the
latency and required buffer size for block-level pipelining is 300X lower than that required
for frame-level pipelining. Figure 3.3(b) shows that block-level pipelining reduces the area

by 38% compared to frame-level pipelining.
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Figure 3.4: Effect of power gating. (a) Diagram. (b) Energy estimation.

Power gating

Additional energy savings can be achieved by using power gating coupled with near-
threshold operation (VDD=0.5V) since it reduces leakage energy that is proportional to
the on-time of the design, while dynamic energy is independent of an operating frequency.
As the on-time decreases with a higher frequency, we can save signi cant leakage energy
by shutting down the design after processing the current frame with an operating frequency
higher than the minimum frequency, which is determined by a frame rate [Figure 3.4(a)].
Assume a frame rate of ten frames per second, which requires the operating frequency of
1MHz to satisfy the timing. If the system operates at the maximum operating frequency
(83 MHz @0.5V), the encoder processes one frame within 1% of the frame interval. As
Figure 3.4(b) shows, power gating reduces energy consumption by 75% when we assume
no MB is dropped at the pre-processor. It should be noted that the energy saving due to
power gating will be larger when the pre-processor drops non-ROI MBs, which is the more

likely scenario.
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Table 3.1: Area and energy of moving object detection methods.

3.1.4 ExperimentaResults

Experimental Framework

For system-level performance analysis, | use a Nordic Semiconductor nRF24L01+ trans-
mitter [73]. | compare the performance of the proposed system with the baseline MJPEG
and the intra-coded H.264/AVC, which is the standard H.264/AVC us-ing intra-frame pre-
diction only. Their hardware implementations are synthesized using the Synopsys Design
Compiler, and the area and energy of the synthesized implementations are measured by
the Syn-opsys Primetime tool. The quality of an encoded video is measured by software
models; for the baseline MJPEG and the proposed system, | develop a MATLAB/Simulink-
based model, and for H.264/AVC, | use the JM 18.6 reference SW [74]. | use four video
sequences: traf c and atrium, provided by Simulink tool, and hall monitor and bridge
(close). All the sequences are 160x120 pixels and YUV 420 format with ten frames per
second. As a quality metric, | use the structural similarity (SSIM) index for color video

[75] of ROI MBs.
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Figure 3.5: Results of the proposed pre-processing operation. (a) Original frame image.
(b) Frame image after ED and FD (difference of the two consecutive edge maps). (c)
Frame image after thresholding. (d) Distribution of the activity levels of non-ROI MBs. (e)
Distribution of the activity levels of ROl MBs.

Experimental Results

In order to analyze moving object detection performance of the proposed pre-processor, |
examine the results of a combination of ED and FD operation. As shown in Figure 3.5(b),
if the edge locations of the background objects change in the successive frames, the inter-
frame difference of edges suffers from noise, which may result in the false detection on the
back-ground. However, as the noise is scattered, its sum in an MB (the activity level) is
relatively low compared to the activity levels of ROl MBs as shown in Figure 3.5(d) and
(e). Therefore, by using the thresholding operation after ED and FD, we can exclude MBs
with a stationary background as shown in Figure 3.5(c). In summary, although the activity
level calculated by a combination of ED and FD may indicate activity on the background,

a simple thresholding operation can reduce the false detection on the background objects.

One way to further reduce the false detection would be applying more complex object
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Figure 3.6: (a) Performance comparison of moving object detection methods for traf-
c video. (b) Computation and transmission energy consumption using proposed pre-
processing (ED+FD).

recognition techniques, which can be interesting future work.

Figure 3.6(a) and (b) show the performance of the moving object detection schemes
measured in terms of how many ROI MBs are correctly identi ed (delivery ratio of the
ROI). Table 3.1 shows their area and energy consumption. While ED is most energy ef -
cient, it shows the worst detection performance. Although ED+FD has a higher logic area
and energy than FD, the total area and energy is smaller since it requires a smaller buffer
for an edge image of the previous frame (1 bit/pixel), while FD requires the original previ-
ous frame (8 bit/pixel). The proposed pre-processor (ED+FD) incurs only 3.0% energy and
5.5% area overhead to the baseline MJPEG [Figure 3.3(b) and 3.4(b)]. At the system level,
we can save 79% of computational energy and 67% of transmission energy while ensuring
the delivery of 95% of ROI MBs [Figure 3.6(b)].

To evaluate the performance of the content-aware control scheme, | compare its rate-
qguality characteristics with content-unaware compression schemes using four video se-
guences. For all the sequences, the proposed system yields better quality at the same
amount of data reduction as shown in Figure 3.7. For ex-ample, with the atrium video,

the proposed system shows the SSIM of 0.8 with 100X data reduction, while the SSIM of
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Figure 3.7: Rate-quality characteristics of each compression method. (a) traf c video. (b)
atrium video. (c) Hall monitor video. (d) bridge video.
the MJPEG and the H.264/AVC fall below 0.6 and 0.4, respectively.

Our design shows better rate-quality characteristics as it drops mainly non-ROI MBs
and encode ROI MBs in a higher quality. As Figure 3.8(a) shows, control-ling the threshold
with a xed QF provides better rate-quality performance than controlling the QF without
thresholding (content-unaware control). However, if the data reduction using thresholding
exceeds certain point, the quality drops signi cantly since it starts to drop ROI MBs. Rather
than dropping ROI MBs with a high threshold, we can switch to a lower QF to yield better
guality at the same amount of data reduction. Therefore, the data reduction using both the
threshold and the QF provides better rate-quality tradeoff. Also, an input video with fewer
ROI MBs (atrium video) has better rate-quality characteristics than a video with more ROI
MBs (traf ¢ video) [Figure 3.8(b)] since more non-ROI MBs can be dropped in a video
with fewer ROl MBs.

Figure 3.9 shows that our design also offers better energy-quality performance than
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Figure 3.8: (a) Rate-quality characteristics of QF-only, threshold-only, and both QF and
threshold control. (b) Rate-quality characteristics of the proposed control for traf ¢ and
atrium video.

content-unaware compression methods. For the SSIM of the ROI=0.9 in the traf c video, it
consumes 56% and 23% less energy than the baseline MJPEG and the intra-coded H.264/AVC,
respectively, as shown in Figure 3.9(a). It should be noted that our design consumes less

energy in both computation and transmission [Figure 3.9(e)].

3.1.5 Summaryof the Section

This section presented an encoding engine with low-overhead pre-processing that enables
energy- and content-aware data rate control for reliable and energy-ef cient transmission
of information in wireless video sensor nodes. The PID-based rate controller is presented
to dynamically tune algorithmic parameters to yield higher quality of the ROI while main-
taining the target energy consumption under varying channel conditions. The proposed
design achieves low-power consumption as well as tolerance to variation in environmental
conditions such as an input video stream or a wireless channel; both are vital requirements
in the design of the resource-constrained sensor nodes for 10T. The proposed low-power

pre-processing and bounded-energy operation can enable sensor nodes in the 10T to per-
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Figure 3.9: Energy-quality characteristics of each compression method for (a) traf c video,
(b) atrium video, (c) Hall monitor video, and (d) bridge video. (e) Energy consumption
breakdown for each encoding schemes.

form more operations with energy constraints. Since wireless communication of the 10T is
unreliable by nature, it is also important to adapt to wireless channel variation for reliable
delivery of information. The proposed dynamic source-rate controller combined with the
system-wide feedback control scheme preserves the quality of the ROI under variations
in channel conditions as well as input video characteristics. Therefore, the proposed de-

sign can be a lightweight alternative to complex video encoders for resource-constrained

Sensors.

28



Figure 3.10: System architecture of the image sensor node that can be operated by energy
harvesting from the CMOS image sensor.

3.2 Implementation of a Self-Powered Image Sensor System

3.2.1 Introduction

In the previous section, | presented a design of a low-power wireless image sensor node
that can be applied in many areas such as traf c monitoring, remote sensing, and military
surveillance. In these applications, sensor nodes are usually deployed in areas where hu-
man intervention for battery replacement is a costly operation [4]. Therefore, sensor nodes
are expected to operate for a long period of time with limited energy sources. Longer life
time can be achieved by harvesting ambient energy in the environment [36]. However,
energy harvesting generally requires additional devices (thermoelectric, piezoelectric, pho-
tovoltaic, etc.). An alternative approach to a truly self-powered sensor node design will
be using the existing sensor itself as an energy harvesting device. Many wireless image
sensing requires relatively low frame-rate, often limited by the channel bandwidth. Hence,

the pixel array is used for sensing only for a limited fraction of time. The on-chip sensor
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can be con gured to harvest energy during the idle time and store harvested energy in a
battery or super-capacitor, providing potential of a truly self-powered system. A few recent
studies have shown the feasibility of using an image pixel array for harvesting. However,
the existing works only considered a pixel-array and peripherals.

As an important goal of a sensor node is to deliver the visual information, it is gener-
ally integrated with processing and communication engines. Therefore, a complete image
sensor generally includes an image processor, memory, a power management unit, and a
transmission controller. Integration of an image sensor system can be performed in a board
level by wiring separate component chips. However, this approach increases the form fac-
tor of the system, and inter-chip connections between the components can reduce energy-
ef ciency of the system. A system-on-chip (SoC) integration of all the components in a
single chip can make the system more compact. Also, it allows the optimization of the data
path and control logic by considering interactions between the components. An integrated
sensor system that can be self-powered by energy harvesting has not been studied yet. In
this section, | present a single-chip system to study the feasibility of a self-powered image
sensor node with integrated sensing, energy harvesting, power management, and process-
ing [Figure 3.10]. The mixed-signal SoC integrates an energy harvesting pixel array with
multi-output power management unit, a digital processing engine with an on-chip SRAM
for moving object detection, and a transmission controller. The innovation of this work lies
in the system design and analyzing the effects of component-level design choices on the
self-power performance of the sensor. The system incorporates a recon gurable CMOS
Active Pixel Sensor (APS) array that was presented in [76]. The pixel-array operates as
a photo detector while sensing/processing a frame and as a photovoltaic cell in between
successive frames to harvest energy. The CMOS sensor is coupled with an on-chip power
management unit (PMU) that has been published in [77]. The PMU multiplexes a single
inductor for boosting the harvested input for intermediate energy storage, as well as gen-

erating three regulated output voltage domains. An autonomous mode management unit
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(AMM) controls the switching between imaging and harvesting mode of the sensor and
transitions between the boost and buck mode of the regulators. The mode switching can
be externally controlled or autonomously managed based on available stored energy. An
image processing engine with an on-chip SRAM identi es the region with moving ob-
jects to reduce transmission energy with reliable delivery of information. The system is
designed to enhance self-power performance by reducing both processing (active mode)
power demand and standby energy dissipation in between frames. As the SRAM needs to
remain powered-on between frames, reducing the memory size, and hence, total leakage,
is a key consideration in the proposed design. The following design choices are explored
to enhance self-power performance: A lightweight algorithm is used for moving object
detection with reduced memory and computation, and hence, lower power demand. This
algorithm eliminates the need for frame buffer thereby signi cantly reducing the on-chip
memory size. To reduce energy of the system, | minimize the size of the buffer between
the image sensor, processor, and transmission controller. Therefore, instead of frame-level
pipelining, a block-level pipelining scheme is applied to have only block-sized buffers be-
tween the components. The block-level pipelining is enabled by a block-wise readout at
the CMOS sensor instead of the conventional row-wise readout. The sensor peripheral is
designed to support the block-wise readout. The processing engine operates at highest volt-
age and frequency, instead of low-voltage operation, to enhance the idle periods between
frames, and hence, harvested energy. The digital logic is powered down in between frames
by controlling the PMU output to reduce leakage energy (frame-level power-gating)
Atest-chip is designed in a 0.13m CMOS technology node. It can process image frames
with 128x96 pixels at the maximum frame rate of 230 frames/sec. The image proces-
sor performs the expected function of moving object detection. The design demonstrates
the peak harvested power of 2.1W at the output of the sensor array. Based on the peak
harvested power and the measured power dissipation of the different components, | esti-

mate the sensor can be self-powered while processing a frame every 15 seconds. Further,
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adaptive supply voltage control of the SRAM can enhance the minimum frame interval for
self-powered operation to 7 seconds/frame.

| also analyze the challenges and opportunities to enhance the self-power performance
by studying interactions of different components of the system. The simulation-based anal-
ysis is presented to understand the effect of increasing pixel size, design modi cation of
the PMU for higher ef ciency of the boost converter, and use of low-power RF transceivers
on self-power performance. The measurement shows the captured image has high level of
noise that not only degrades the image quality, but also causes false detection of the ROIs,
thereby increasing volume of transmitted data. | perform sensor noise analysis and pro-
pose algorithm/hardware of a noise-robust moving object detection scheme for better image

quality, reduction of transmitted data volume, and improved self-power performance.

3.2.2 SystemDesign

System Design

A block diagram of the proposed system is shown in Figure 3.11. The CMOS image sensor
captures an image in a unit of an 8x8 pixel macroblock (MB) of a frame, and stores itin a
MB buffer. Then, the image processor determines whether an MB contains moving objects
(Region-of-Interest, ROI) or not. Only the ROl MBs are transmitted, while non-ROI MBs
are dropped. Rather than the conventional row-wise readout, the CMOS sensor performs
a block-wise readout, which enables block-level pipelining between the CMOS sensor and
the image processor. Block-level pipelining reduces the latency and overhead from a buffer
between the CMOS sensor and image processor, since it does not require the system to wait
for the entire frame to be read and stored [Figure 3.12(a)]. Also, | enhance the energy ef-
ciency by applying a frame-level power-gating technique and higher operating frequency.
This is due to the increased idle period, during which the CMOS sensor can harvest energy
and the digital components are powered down to reduce leakage energy [Figure 3.12(b)].

The system is powered by an energy storage element (battery or high-density capacitor),
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Figure 3.11: Block diagram of the image sensor system

which can be charged by the energy harvested from the recon gurable 128 x 96 CMOS Ac-
tive Pixel Sensor (APS). The APS array operates in a photoconductive mode when imaging
and a photovoltaic mode when harvesting. The mode switching can be based on the frame
rate, and/or autonomously managed based on available stored energy. The power man-
agement is performed using a single inductor boost/buck regulator. The boost regulator
harvest energy from the sensor to charge on-board storage using maximum power point
tracking. The stored energy is then delivered to three independent load domains using a
Single Inductor Multiple Output (SIMO) buck regulator. The boost and SIMO buck shares

a single inductor using an autonomous on-chip time multiplexing controller. The system is
designed to have off-chip charge storage and wireless transmitter to provide a exible and

compact single-chip solution.
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Figure 3.12: The effects of the low-power design techniques: (a) pipelining and (b) power
gating

Autonomous Mode Management (AMM)

The AMM controls the switching between imaging and harvesting mode of the sensor (de-
pending on frame rate and energy availability) as well as transitions between the boost
and buck mode of the regulators (depending on the priority of the load and battery voltage
level). In applications with a target frame rate, a frame rate control signal will cause EH

to change from low (sensing) to high (harvesting). A low EH forces buck only operation

to enable sensing, processing, and communication of a frame. The high EH on the other
hand, enables both boost and buck operation between sensing two frames. The boost mode
IS necessary to harvest energy and replenish the energy storage. The buck operation re-
mains necessary for some circuit blocks even between frames. For example, preserving the
previous frame data is often required for compressing image with temporal redundancy,
and hence, on-chip memory should be powered in between two frame capturing [38]. The

AMM enforces (i) boost-only operation when battery voltaiygaf ) is less than a lower

34



Figure 3.13: Block diagram of the digital units (image processor, transmission controller).

limit (LL) (deep discharge cut off point), (ii) buck-only operationMgar is higher than
a higher limit (HL) to prevent overcharging, and (iii) switching between buck and boost
modes whentL Vgar HL:

In energy autonomous imaging mode, the EH is self-generated by the system. Such
decision is made by sensing the voltage drop in the energy storage and assessing how much
energy is required to process the next frame. If the energy level in the storage is below
that minimum limit, the system decides to harvest before allowing next frame capturing.
Thus, in the self-powered case, the frame rate becomes a system de ned variable and varies
depending on available energy. In practical operation, the demanded frame rate can push
the system into sensing but if enough energy is not available, the AMM will stop sensing

and will go to harvesting mode.

Image Processor

A block diagram of the digital units (image processor and transmission controller) is shown
in Figure 3.13. The image processor performs moving object detection to reduce the trans-

mission energy by dropping the static background region. As an underlying moving ob-
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Figure 3.14: Data ow of the moving object detection method based on edge detection and
frame differencing.

ject detection method, | use the approach based on edge detection and frame differencing
(ED+FD) [11]. As Figure 3.14 shows, each MB in a frame is processed by edge detection
to create an edge map. Then, | calculate the sum of absolute pixel-wise difference between
two consecutive edge maps, which we call the activity level of an MB. If an MB has the
higher activity level than the threshold, the MB is determined as ROI. Only the ROl MBs
are transmitted, while non-ROI MBs are dropped. Therefore, the threshold can be used as
a knob to control the number of MBs to transmit. The threshold value can be con gured
from zero to 14 with a step of two through a 3-bit input signal. As described in Section I1.B,
the image pixel is designed based on the logarithmic structure, which enables logarithmic
compression that allows image sensing over a wide range of light levels. The logarithmic
compression has the effect that low intensity pixel values are enhanced at the expense of
contrast sensitivity reduction in the high pixel values. Therefore, the edge detection per-

formance can vary depending on the light intensity of the objects. For example, edges
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Figure 3.15: Timing diagram of the pipelined process between the image sensor and image
processor.

detection of objects in high light intensity can become dif cult due to reduced contrast. To
deal with this problem, the system has 3-bit input signal that determines the edge detection
threshold, which is used to control the detectability of edges (different from the activity
threshold used to control the ROI detectability). When there is low contrast between the
objects, we can set the threshold low to reduce undetected edges.

When the non-ROI MBs are dropped by the image processor, only part of the frame will
be delivered to the receiver node. For correct reconstruction of the frame at the receiver,
the information on the MB location should be transmitted together with the image data.
Therefore, we attach a header with an 8-bit block number at the beginning of each MB
data. For ow control of block image data from the image sensor, | use a handshaking
protocol with two 64-byte buffers. Figure 3.15 shows a timing diagram of the pipelined
processing of the image sensor and image processor. First, the image sensor writes one MB
into the MB buffer #1. After it nishes writing, it raiseBAT A _READY signal, which
initiates moving object detection process (ED+FD) in the image processor. While the image
processor reads data from the buffer #1, the image sensor writes the next block data into
the buffer #2. To minimize the latency, the image sensor is designed to start writing the
block data when there is at least one empty buffer. After the image processor completes
reading, it raiseBUFFER _EMPTY signal, which allows the image sensor to write the
next block data to the buffer. If this signal is low when the image sensor nished writing
the block, it waits until the signal goes high. Conceptually, the ED+FD method rst creates

an edge map of an MB, then performs frame differencing with the corresponding MB in
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the previous frame. However, when ED+FD is processed serially, the total latency of the
ED+FD process will be the sum of each ED and FD process. To reduce the latency, | apply
a kernel-level pipelining between the ED and FD processes. As Fig 3.15 shows, once 3x3
edge detection kernel generates a 3x3 portion of the block edge map, it is frame-differenced
with the corresponding area in the previous frame. As explained above, I utilize various
design techniques to minimize the frame processing latency. Also, under a given frame rate
constraint, reduced latency will increase the frame idle time, which leads to the increase in
harvested energy. In an autonomous mode, lower frame processing latency will decrease
the total frame interval, enhancing the system self-power performance. Our moving object
detection method is energy- and area- ef cient since itis based on simple edge detection and
frame differencing operations. More importantly, it is memory-ef cient since it requires
only 1 bit/pixel to store the edge map of the previous frame. As the sensor array has 128x96
pixels, the system requires 1.5kB of memory. The SRAM consists of two instances of a 1kB
macro, making the total system capacity 2kB. Each 1kB macro is further subdivided into
four 256B sub-banks, with each sub-bank containing 32X64 SRAM bitcells. The area for a
1kB macro is 0.0778nm?. The data bus width for each macro is 32 bits, with separate ports
for read and write, and enable signals are used by the image processor to determine which
macro will be written to. In order to reduce power consumption and design complexity,
the SRAM bitlines are designed to operate with rail-to-rail swing, and utilizes single-ended
sensing which eliminates the use of power hungry differential sense ampli ers. The leakage
power in idle state was measured to be 1W for 2kB SRAM. A pow er-gating controller
determines when to power down the rest of the image processor. As mentioned earlier, the
logic engine of the image processor, except for the SRAM, is power-gated to avoid leakage
energy consumption during the frame idle period. The power-gating signal (PG) should
be delivered to the power management unit to disable the power delivery to the image
processor. The PG signal is generated by the always-on power-gating controller in the

image processor, and goes high when the last block of the frame is transmitted through the
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Figure 3.16: (a) Die photo of the sensor node and key performance parameters of (b) the
system and (c) the PMU.
transmission controller. It remains high until the EH goes low, which initiates the beginning

of the next frame processing.

Transmission Controller

The transmission controller is designed for data transmission through a Nordic Semicon-
ductor nRF24L01+ wireless transmitter. To deal with the mismatch of the data rates from
image processor and a transmitter, the controller includes a FIFO with the size of two 32-
byte payload. When the FIFO is full, the transmission controller sends a signal to the
image processor to stop pushing the data. When received the signal the image processor is

clock-gated until all the data in the FIFO is transmitted.

3.2.3 MeasuremenResults

Test-chip Implementation

A test-chip in 0.13m CMOS demonstrates the single-chip image sensor (Figure 3.16(a)).
The chip is wire bonded in open cavity LCC 64 package. The inductor of the power man-

agement unit is off-chip, and integrated on the PCB. Key parameters of the test-chip and
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Figure 3.17: Images captured with a thin object in front of the sensor.

power management unit are listed in Figure 3.16(b) and (c).

Functionality of the Image Processing Engine

In this subsection, | evaluate the functionality of the image processor. Figure 3.17 shows
images captured with a static thin object in front of the sensor in different positions. The
image shows high level of random and xed-pattern noise. | will discuss later the cause
of the noise and how | plan to reduce the noise. Also, the pixel value differences between
the object (dark) and the background (bright) are not signi cant, indicating very limited
dynamic range. The image processor operates on the noisy image and selects the ROl MBs
to transmit.

| evaluate the functionality of the image processor with the noisy image from the sensor
array. First | apply a static scene to the sensor and count the number of transmitted MBs by
varying the threshold value [Figure 3.18(a)]. Ideally, with static scenes no blocks should be
transmitted when the threshold is larger than zero. However, the input image is dominated
by the noise generated at the sensor, which results in edge movement (high activity level)
at the entire region of the image. Therefore, a large number of blocks are transmitted
even without actual motion of objects. The number of transmitted blocks matches with

the simulation, indicating that the image processor functions as desired. | also perform
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Figure 3.18: (a) The number of transmitted MBs with varying threshold. (b) The number
of transmitted MBs over frames with a moving object.

the experiment with motion by moving a thin object in front of the sensor. Figure 3.18(b)
shows that more MBs are transmitted in frames with a moving object, and the number of
transmitted blocks fairly matches with the simulation result. With the threshold value of 6,
average 23 MBs are transmitted for 21 frames, which achieves 8.2X transmission energy

reduction.

System Self-Power Performance

A cool white (7000K) LED lamp 1000 Im is used for photo response measurement. It
generates 2.1W of peak power at 200klx luminance. Based on measured power genera-
tion and measured power consumption of the sensor, | estimate the self-supported frame
rate (frame/sec). Figure 3.19 shows the consumed/harvested energy over time. At the
maximum operating frequency of the system, processing of one frame (image sensing, pro-
cessing, and preparing packets for transmission) consumes 13.9J of dynamic energy. After
transmitting the last block of the frame, the system switches into the harvesting mode. Dur-
ing the harvesting mode, the entire system components except for the image sensor array,

the voltage regulator, and the SRAM are clock-gated and power-gated to avoid the leakage
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Figure 3.19: Diagram showing the consumed/harvested energy over time.

energy consumption. The SRAM should remain powered-on since the edge map of the
previous frame stored in the SRAM needs to be loaded during next frame processing for
moving object detection. When supplied with the nominal voltage of 1.2V, the SRAM con-
sumes leakage power of 1.2W. The image sensor array in the harvesting mode generates
2.1W assuming 200 kix light intensity. Therefore, during the frame idle period, the net
power gain that can be stored in the battery is the difference between the harvested power
and the SRAM leakage power, which is 2.1 - 1.2 = 0.9W. This power gain should be inte-
grated over time to supply the dynamic energy of the system for frame processing (13.5J).

In this setup, the minimum frame interval for self-power operation is 15 seconds, which

42



Figure 3.20: Harvested/consumed energy for varying frame rate (a) without the wireless
transmission and (b) with the wireless transmission by nRF transmitter, (c) self-power per-
formance vs. transmission power consumption.

leads to 4 frames/minute.

To project the self-power performance under varying frame rate, | consider two con-
gurations of the system. Figure 3.20(a) shows the frame rate when the harvested energy
powers only the on-chip system (assuming the wireless transmitter is powered by a sep-
arate energy source). Figure 3.20(b) is when off-chip wireless transmission is also pow-
ered by energy harvesting, which will be discussed in Section IV.B. Figure 3.20(a) shows
that, as the frame rate decreases, harvested energy increases because of the increased idle
time. However, when image processing is enabled, energy consumption also increases with
lower frame rate since the leakage energy of the SRAM increases with the frame idle time.
One may decide to disable the image processing to avoid SRAM leakage energy during
the harvesting mode. If the image processor and the SRAM are turned off (transmitting
all the MBs), the minimum frame interval decreases to 7 seconds. However, turning off
the processing will increase the data volume, and hence, as | show later, will reduce the

self-powered frame rate when a wireless transmitter is integrated with the system.
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Figure 3.21: (a) SRAM leakage power vs. supply voltage. (b) Maximum frame rate for
self-powered operation with different SRAM supply voltage.

3.2.4 Approachego ImproveSelf-PowerPerformance

Effect of SRAM Leakage Energy

As discussed in the previous section, SRAM leakage power is a key component that de-
termines the system self-powering performance. One way to reduce the SRAM leakage
power is to operate it at lower supply voltage. To understand the minimum voltage at
which SRAM can function and/or retain data, | perform the experiment by varying the sup-
ply voltage. As Figure 3.21(a) shows, for our design, the supply voltage below 0.7V does
not guarantee the correct functionality of reading and writing. However, the SRAM can re-
tain data down to 0.4V of operating voltage. Therefore, we can use 1.2V supply for SRAM
(same as digital logic) during frame capture/processing to enhance processing speed and
avoid level shifters. In the idle mode, we can reduce the supply down to 0.4V. To enable
the adaptive supply control, | propose to separate the SRAM power supply from the logic
engine. Leakage power reduction through adaptive supply voltage control enhances the
self-power performance. Figure 3.21(b) shows that supplying 0.4V during the harvesting

mode increases the self-supported frame rate (no wireless transmission) to 0.13 frames/sec,
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which is 2X higher than the frame rate at 1.2V.

Effect of Wireless Transmission

In awireless sensor node, transmission energy is usually the major component of the system
energy. | simulate the self-power performance considering the presence of the nRF24L01+
transmitter in the system. This commercial radio chip consumes 37.3mW at 0dBm and
23.1mW at -18dBm output power. In this simulation, | assume -18dBm output power.
Also, | assume the reduction of transmitted data by the image processor is 8.2X, which is
obtained through the experiment with a moving wire in Figure 3.17-3.18. As expected, if
we consider the wireless transmitter is powered by the harvested energy [Figure 3.20(b)],
the minimum frame interval increases signi cantly due to transmission energy of the trans-
mitter. Disabling image processing even increases the self-supported frame interval due to
increase in the transmission energy, which overshadows the SRAM leakage elimination. |
observe that the estimated self-power performance considering the transmission energy is
143 seconds/frame and 75 seconds/frame with 1.2V and 0.4V power supply for SRAM,
respectively. When the system with wireless transmitter is self-powered, the self-power
performance is largely dependent on the power consumption of the transmitter. Recent ad-
vancements in radios for 10T sensor nodes have focused on enhancing transmission power
ef ciency. Reduced transmission power enhances self-power performance, as illustrated in
Figure 3.20(c). The technology trend [78] shows that the current state-of-the-art on-chip
radio consumes about 5mW at 0dBm output power, which is about 5 times lower than the
off-chip radio used in the current simulation. By using 5mW power consumption for the
projection of self-power performance, the minimum frame interval reduces to 124 seconds
(without image processing) and 56 seconds (with image processing). The system with im-
age processing can transmit one frame every minute, which makes it more applicable to

mobile surveillance applications.

45



Effect of Unit Pixel Size

As presented in the previous sections, the self-powered frame rate is limited by harvested
power from the sensor array. One of the reasons of low harvested power is extra metal
layers at the pixel boundaries. These metal layers are placed because of the minimum metal
density restrictions of the foundry, causing a decrease in the amount of pixel area exposed
to light. Therefore, increasing unit pixel area can increase the light exposure, thus, enhance
the energy harvesting performance. Increased pixel area is also expected to enhance the
dynamic range of the image sensing. The major disadvantage of increasing unit pixel size
is the reduced image resolution per array area. If we want to keep the same number of pixels
(resolution), we need more area for the sensor array. Similarly, to keep the array area same,
we need to reduce the number of pixels in the array. Lower image resolution results in lower
perceptual quality to the users. However, lower resolution does not signi cantly degrade
the detection performance of the moving object detection method. Lower resolution has
an advantage in system energy consumption because it reduces the computation energy
and transmission energy per frame. Also, it requires smaller memory for the edge map,
reducing memory leakage energy. With 4X increase in unit pixel area, the number of pixels
decrease by 4X, so we can roughly estimate the system energy to be 1/4X. This resizing
increases the |l factor of the pixel from 44% to 69%. Assuming the harvested power
linearly increases with the Il factor, we can expect the peak harvested power to increase
from 2.1 to 3.3W. With the increased harvested energy and reduced system energy, the self-
power performance enhances from 559 seconds/frame to 137 seconds/frame with image

processing, and from 143 seconds/frame to 25 seconds/frame without image processing.

Effect of Power Converter Ef ciency

Self-power simulation results presented above assume 100% ef ciency of the power con-
verter. Therefore, the self-power performance is expected to be degraded with lower ef -

ciency value. At an input source power of 2.76W the boost converter shows 24% ef ciency
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(simulated considering all parasitics). | found that this low ef ciency is mainly due to
switching losses in the power stage MOSFETs. Since the power converter uses only one
power stage, it cannot be optimized simultaneously for two widely varying power ranges
(W range during boost, mW range during buck), thus leading to the degraded ef ciency
for low input power. A possible solution for this would be to split up the power converter
into boost and buck stages this would allow us to improve ef ciency by decoupling the
buck and boost stages, and thus optimally size them to obtain higher ef ciency in their typ-
ical operating ranges. Using a boost converter with power stage sized for W power range

provides us with a simulated ef ciency of -80%.

Summary

The preceding discussions shows the reducing SRAM supply voltage, using low-power on-
chip radio, increasing pixel size, and re-designing the PMU to independently optimize the
boost and buck stage provides opportunities to enhance self-power performance. The esti-
mated self-power performance of the test-chip based on measurements reported in section
[l and assuming nNRF transceiver was 143 seconds/frame. Considering 80% ef ciency of
the boost converter the self-power performance drops to 271 seconds/frame. Now, if we
apply 0.4V of SRAM operating voltage the self-power performance improves to 102 sec-
onds/frame. Further, if we consider the transceiver to be replaced by a low-power on-chip
radio the self-power performance improves to 34 seconds/frame. Finally, the pixel sizes
are increased for same area, the performance improves to 20 seconds/frame. The analy-
sis shows that the proposed system can be designed to approach a reasonable self-power

performance for surveillance applications.

3.2.5 Summaryof the Section

This section presented a single-chip image sensor node that can harvest energy from the

on-chip pixel-array. The recon gurable dual-purpose image sensor performs as an imager
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as well as an energy harvesting transducer, producing the peak harvested power of 2.1W.
The moving object detection method with low computation and memory demand enhances
the self-power performance by reducing unnecessary transmission of the static background.
Low-power circuit techniques such as block-level pipelining, power gating, and adaptive

supply control are utilized to further improve the self-power performance. The measure-

ment results, although shows noisy image, demonstrates the feasibility of a self-powered
sensor with operating performance of 7 seconds/frame and 75 seconds/frame with and with-
out wireless transmission, respectively. In conclusion, the proposed system is an important
step towards energy autonomous imaging applications for various loT applications such as

remote surveillance and capsule endoscopy.
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CHAPTER 4
RESOURCE-EFFICIENT AND ROBUST IMAGE PROCESSING

4.1 Low-Power Noise-Robust Moving Object Detection

4.1.1 Introduction

The previous chapter presented hardware implementation of an image sensor node. One
of the challenges in the the image sensing from the sensor node is random noise induced
from the image sensor array, which can corrupt the captured images. In addition to the ran-
dom noise, in their outdoor applications, the sensor platforms are often exposed to dynamic
environment, where objects of interest usually move amidst noisy backgrounds, for exam-
ple, snow, rain, etc. [79]. Even under such dynamic conditions, moving object detection
methods are anticipated to perform reliable ROI detection in order to reduce unnecessary
waste of channel bandwidth and energy for transmitting background scenes. Several stud-
ies have proposed moving object detection methods that are robust to dynamic (noisy)
environment [12][13][14][15][17]. However, as | discuss later, the existing methods re-
quire large energy and area for memory and computation, and are generally not scalable
to resource-constrained systems. On the other hand, the moving object detection methods
developed for low energy/area overheads are often not robust under dynamic environment.
Therefore, there is a need for a moving object detection method that is suitable for com-
pact and low-power systems while tolerant to noise induced by the dynamic environment
[8][9][10][11]. This section presents an energy-aware approach to noise-robust moving
object detection for resource-constrained sensor platforms. The key contribution is the de-
sign of a block-level rank closing operation to improve noise robustness of the existing
moving object detection method using sequential edge detection and frame differencing

(ED+FD). The proposed method is integrated with a block-based processing unit and the
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Figure 4.1: A wireless image sensor platform with a block-wise region-based processing
model.

motion JPEG encoder to implement the image-processing pipeline of a wireless image sen-
sor platform. The sensor platform is designed as an ASIC in 130nm CMOS for energy/area
analysis, as well as prototyped into Virtex-5 FPGA for functional validation. The proposed
approach provides comparable performance with the existing noise-robust method based
on Gaussian Mixture Model (GMM), but consumes 28X and 2.7X lower area and process-
ing energy, respectively. The ASIC (130nm CMOS) realization shows only 2.1% energy
overhead compared to the whole system; however, the system-level analysis shows signif-
icantly lower energy at the same quality of ROI. The primary advantage comes from the
signi cant reduction in the on-chip memory capacity/energy. If off-chip memory is consid-
ered, our approach signi cantly reduces off-chip memory access rates, and hence, memory
bandwidth requirements and access energy. In summary, as the proposed system has very

low computation and memory requirements, it can be applied to a resource-constrained
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Figure 4.2: (left): input images, (middle): edge map, (right): block-level activity map with
(a) original video, (b) with FPN, (c) with random noise using the original ED+FD method.
(d) images with random noise using the proposed noise-robust method.

wireless image sensor platform.

4.1.2 Effectof NoiseontheROI Processing

Sensor-Induced Noise

In this subsection, | discuss algorithmic approaches to enhance the performance of moving
object detection under pixel-noise. | consider both xed-pattern noise and random noise
to perform the analysis. | add random and/or xed pattern noise to a benchmark video
sequence (highway) [Figure 4.2(a)] to study the performance of in moving object detec-

tion using the ED+FD method under noise. | also explore other complex approaches with
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enhanced noise robustness based on Optical Flow (OF) [17] and Gaussian Mixture Model
(GMM) [12]. As for the ED+FD (Edge detection + frame differencing) and the proposed
method (ED+FD+noise robustness), the algorithms are designed as RTL and synthesized
into the IBM 130nm process. The synthesized designs are supplied to the Synopsys Prime-
time tool to determine power consumption and latency. To obtain the computation energy
of OF and GMM methods, | consider the reference designs in prior works [17][12]. In
these studies, the designs have been synthesized into the 90nm process. Therefore, | scaled
the computation energy described in the papers into the 130nm process using the scaling
parameters from International Technology Roadmap for Semiconductors [80]. Also, the
memory access and storage requirements mentioned in the paper are translated into the
memory energy by multiplying the unit memory access and leakage energy of SRAM im-

plemented in the 130nm process.

Fixed-Pattern Noise FPN can be modeled by adding a single value per column of pixels
in the array. The added column values follow the Gaussian distribution and remain xed
over multiple frames [81]. Figure 4.2(b) shows an image with FPN of the variation=0.05.
Although FPN creates vertical lines in the original image and edge map, their locations
do not change over frames. Therefore, frame differencing of two consecutive edge maps
removes most of the lines generated by FPN. As a result, increase in the activity levels at
the background due to FPN is not signi cant, generating similar distribution of the activity
map as the original image. Therefore, it can be claimed that certain level of FPN can be
effectively handled by the nature of ED+FD method. However, as the variance increases,
the original image degrades more. Hence, false detection increases, resulting in lower data
reduction for a given ROI delivery ratio. Here | compare the detection performance with
existing complex moving object detection methods based on OF and GMM. ED+FD shows

comparable noise-robustness to the complex methods such as OF and GMM.
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Random Noise Random noise can be modeled as a zero-mean Gaussian distribution [82].
If the pixels in an input image are affected by the random noise, their boundary pixels will
be determined as edges in an edge map. As the location of noisy pixels changes frame by
frame, the edge locations also change, resulting in large activity level at the background
due to noise [Figure 4.2(c)]. As the random noise affects individual pixels, it can be re-
moved by pixel-level low-pass Itering such as median of average Itering. However, these
Itering techniques can result in signi cant computation overhead. For instance, lItering

of n x n image with 3x3 Iter requires 9-element sorting operations for n2 points. This
computation demand will translate into energy and latency overhead. In addition, although
low-pass Itering removes impulse noise, it leads to blurring of the original image regard-
less of the existence of noise, resulting in quality degradation. The goal in this section is
to reliable detection moving object under noisy environment, not the noise elimination in
the original image. Therefore, | propose an approach that adds a simple operation to the
ED+FD process, instead of altering the original image. In a baseline ED+FD method, the
ROI is determined by the activity levels of the blocks, which is computed by inter-frame
difference of edge maps. Therefore, | propose removing the edges generated by impulse
noise in each edge map, instead of lItering the original image. To remove impulse edge
pixels in the edge map, | use a simple median lter with 3x3 kernel size. Median ltering
on an image generally requires sorting elements in a kernel, which needs computation of
O(nlogn). However, as we perform Itering on a bit-map of edges, it can be implemented
simply by adding the bits in the kernel and comparing the value with the threshold (5 for
median lter).

Figure 4.2(d) shows the edge map after the proposed ltering process. It shows that
most of the small group of edges generated by random noise are removed, resulting in
the similar activity map as the original video. Figure 4.3(a) shows the performance of the
original ED+FD method signi cantly degrades since random noise increases activity level

(movement of edges) at the background. However, after performing edge map ltering, the
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Figure 4.3: (a) Data reduction through different moving object detection methods under
FPN and random noise. (b) Memory leakage power of the methods. (c) Dynamic energy
and self-supported minimum frame interval of the methods under FPN and random noise.
non-ROI activity level signi cantly decreases, thereby reducing false detection. Although
OF and GMM outperforms the proposed method, they require signi cant memory size
(OF: 200 bit/pixel, GMM: 120 bit/pixel). As a result, the leakage power of the SRAM for
those methods is much higher than the harvested power at the maximum brightness [Figure
4.3(b)]. Therefore, the system with those high memory demand moving object methods
cannot be self-powered by energy harvesting. A low memory requirement (storage: 1
bit/pixel, access: 2 bit/pixel) of the proposed moving object detection method enables the
self-supported operation with a wireless transmitter at frame rate of 95 seconds/frame when
FPN exists [Figure 4.3(c)]. In case of random noise, the self-power performance of the
original ED+FD method signi cantly degrades because of the large transmission energy
consumption due to the false detection. By reducing the false detection through noise

robustness, the proposed approach can be self-powered at much higher frame rate than
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Figure 4.4: (a) Original snowfall video frame. (b) Edge map generated by ED. (c) Block-
level activity map and (d) transmitted image using ED+FD. (e) Block-level activity map
and (f) transmitted frame image using the proposed method.

ED+FD.

Environmental Noise

The goal of this subsection is to enhance the robustness of ROI detection against the dy-
namic weather condition with minimum area/energy overheads. As an underlying moving
object detection method, | consider the ED+FD approach presented in section . In this ap-
proach, the edge maps of each MB for two subsequent frames are compared, and the MBs
with the sum of the pixel-wise difference (i.e., activity level) larger than the threshold are
detected as ROI. Here | use a benchmark video sequence with a bad weather environment
of a snowing scene (snowfall) to explain the challenges in ROI detection using the ED+FD
method under noise. Figure 4.4(a) shows a frame in the snowfall video. The major dif -
culty in detecting moving objects from snowing scenes is the movement of snow akes. For
better performance, one should not detect snow particles as moving objects. However, the
original ED+FD method is not effective in dealing with snowing scenes because snow akes
are detected as moving edges [Figure 4.4(b)]. Therefore, the activity levels of MBs with
snow akes increase, as illustrated in Figure 4.4(c). Consequently, as Figure 4.4(d) shows,
the original ED+FD falsely detects the background locations with snow akes as moving

objects. If background MBs are falsely detected as the ROI and encoded/transmitted, some
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of the real ROI MBs can be randomly dropped to meet the wireless channel bandwidth,

resulting in lower quality-of-service. This effect is illustrated quantitatively in section 3.4.

4.1.3 Proposedpproach

Basic Concept of the Proposed Approach

The preceding discussion suggests that the noise-robust detection method should be able
to distinguish between moving objects of interest and other sources of noise; for example,
the snow akes in Figure 4.4. Usually, a major difference between them is the size; objects
of interest usually extend over multiple MBs while snow akes cover only one or two MBs.
Therefore, | hypothesize that, if the high activity-level is observed in a MB surrounded by
low-activity MBs, the higher activity of the MB is due to noise. Therefore, we can reduce
the false detection by applying spatial de-noising Itering to the block-level activity map.
This is likely to smooth out the high ED+FD scores that are surrounded by low ED+FD
scores. Since | propose to apply a spatial de-noising Iter at the block level, not on the

pixels, the cost of Itering is much lower compared to pixel-level ltering.

Noise-Robust ROI Detection Method

The proposed method is illustrated in Figure 4.5. The rst part of the ow, which is iden-
tical to the original ED+FD method, generates the block-level activity map (ED+FD score
map of MBs). | propose to apply a rank closing operation, which is two rank-order lItering
operations (one with a high rank and one with a low rank), on the block-level activity map
to generate the ltered activity map. The Itered activity value of each MB is compared
with the threshold to make a decision on the MB.
The output value of a rank Iter of a rank k with a window B of siaé g ) is obtained

by sorting the pixel values within the window in ascending order and selecting the kth value
in the sorted array. In the block-level activity map, only a small proportion of MBs within

a window are likely to be noisy MBs, and they tend to occupy the extreme rank positions.
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Figure 4.5: A owchart of the proposed detection algorithm.

Therefore, if a rank Iter with a rank k such that=2 < k < n is used, these impulse
activity level values will not be selected. While the rank Itering operation eliminates
impulse noise, itis subject to expand edges of objects, as shown in Figure 4.6(b). Therefore,
it should be followed by another rank Itering operation with a low rank to maintain the
original structure by shrinking the boundary. These two rank lItering operations bene t
the detection performance especially when they are combined with the ED+FD method.
As ED+FD is based on the edge information, its major drawback is that it is not effective in
detecting the regions inside of moving objects when their sizes are large or inside regions
are not suf ciently textured. Therefore, for better performance of the ED+FD method, it
should be followed by a morphological operation that can Il inside of such a region. One
of such operations is morphological closing, which closes gaps between structures without
expanding the size of the structures. The closing operatign (s de ned by a dilation

( g) followed by an erosion'g);

B='B B - (4.1)



Figure 4.6: Example of rank closing operation. (a) Original block-level activity map. (b)
First rank Itering with a high rank. (c) Second rank Itering with a low rank.
The erosion operator is equivalent to a rank Iter of rank 1, and the dilation to a rank

Iter of rank n, where n is the number of elements in the window B;

"B = B;l;and B = Bn- (42)
We obtain the rank closing §.x) by replacing the erosion and dilation with general rank

operators as shown below [16];
, n
Bk = Bin k Bk 1 2 <k<n: (4.3)

The dilation with a rank kjn removes impulse noise. Also, the dilation grows the object and
lls gaps, and the erosion shrinks the structure. Therefore, the regions expanded towards
outside the boundary by the dilation will shrink by the erosion, while objects merged by the
dilation will not be separated again by the erosion. Therefore, if rank closing is applied on
an image, small holes inside objects are lled, and impulse noise is removed while keeping
their structure. Although rank closing is a well-known algorithm for morphologic opera-
tion, our approach is novel in the sense that it is applied to the block-level activity map
instead of the original image in order to enhance the noise-robustness of moving object

detection. When it is applied on the block-level activity map, the regions with high activ-

58



	Title Page
	Acknowledgementss
	Table of Contents
	List of Tables
	List of Figures
	Introduction
	Background
	Image Sensor Systems with ROI-based Processing
	Moving Object Detection Methods
	ROI-Based Coding Methods
	Effect of ROI-Based Processing on Neural Network Inference
	Image Sensor Nodes with Energy Harvesting

	Data Rate Control in Image Sensor Systems
	Target Data Rate Control
	Encoding Data Rate Control

	Resource-Efficient Deep Neural Networks
	Memory Demand Reduction Techniques
	Computation Demand Reduction Techniques

	Collaboration of Edge and Host Platforms for DNN Inference

	Resource-Aware Image Sensor System Design
	Design of a Low-Power Image Sensor System
	Introduction
	Key Design Concepts
	Low-Power Encoder Design
	Experimental Results
	Summary of the Section

	Implementation of a Self-Powered Image Sensor System
	Introduction
	System Design
	Measurement Results
	Approaches to Improve Self-Power Performance
	Summary of the Section


	Resource-Efficient and Robust Image Processing
	Low-Power Noise-Robust Moving Object Detection
	Introduction
	Effect of Noise on the ROI Processing
	Proposed Approach
	Analysis of Detection Performance
	Application to a Wireless Image Sensor Platform
	Discussions
	Summary of the Section

	Energy-Efficient ROI-Based Coding
	Introduction
	Proposed Approach
	Experimental Results
	Summary of the Section

	Effect of ROI-Based Processing on Neural Network Inference
	Introduction
	Surveillance System Framework
	Experimental framework
	Analysis Results
	Summary of the Section


	Low-Power Data Rate Control for a Memory-Efficient Image Sensor System
	Energy-Aware Control of Target Data Rate 
	Introduction
	Proposed Control Method
	Results
	Summary of the Section

	Low-Power Control of Encoding Data Rate
	Introduction
	Challenges to the Data Rate Control
	Proposed Data Rate Controller
	Experimental Results
	Effect on the Neural Network Inference Accuracy
	Summary of the Section


	Resource-Efficient Deep Neural Networks
	Adaptive Weight Compression for Memory-Efficient DNNs
	Introduction
	Adaptive Image Compression of Weights
	Analysis of Algorithmic Performance
	System Performance and Energy Analysis
	Summary of the Section

	Frequency Domain Convolution for Computationally-Efficient DNNs
	Introduction
	Background
	Proposed Approach
	Algorithmic Analysis
	Hardware Accelerator Design
	Summary of the Section


	Edge-Host Partitioning of Deep Neural Network Inference
	Introduction
	Partitioning of Inference with Feature Space Encoding
	DNN as an Information Encoding Pipeline
	Edge-Host Partitioning of Inference
	Feature Space Encoding

	Simulation Results
	Inference Engine Design and Modeling
	Energy/Throughput Analysis
	Discussions

	Summary of the Section

	Conclusion
	Publication list
	Journal publications
	Conference presentations

	References

