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Abstract 

 

Acoustic imaging is difficult to achieve in environments with a large amount of noise and 

reverberation. Microphone arrays, as a branch of array signal processing, offer an 

effective approach to obtaining a clean recording of desired acoustic signals in these 

environments. In this thesis, we have designed, implemented, and evaluated a 64-node 

microphone array system for acoustic imaging. We have applied a delay-and-sum 

beamforming algorithm for sound source amplification in a noisy environment, and have 

explored the uses of the array and beamformer by generating the sound intensity map to 

reconstruct the acoustic scene of interest. Our experimental results show a mean error of 

1.1 degrees for sound source localization, and a mean error of 13.1 degrees for source 

separation. In addition, we also used the system to image seven different materials with 

audible sound, and obtained their reconstructed acoustic maps as well as frequency 

response curves, from which we are able to detect the differences between textures based 

on their acoustic response powers. 
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1    Chapter: Introduction 

 

Acoustic imaging can be described as a method for recording and reconstructing the 

amplitude distribution of a propagating sound field in a given plane. It is a field which 

has grown considerably over the past decade, and has been widely developed for 

important applications such as medical ultrasonography, non-destructive evaluation, and 

underwater sonar. While acoustic waves have been shown to be effective for imaging 

underwater and in the body, their use in-air is difficult since the propagation speed of 

sound in air is relatively low and interference from noise and echo is high. So far, a large 

amount of work has been done to explore possible solutions for in-air acoustic imaging. 

 

Since the 1960’s, early research has been mainly focused on obtaining acoustic images in 

a way more similar to optics, which later has been extended to include holographic 

techniques. This has led to the establishment of a new discipline - acoustic holography 

[1]. In the field of optics, holography has become identified with three-dimensional 

reconstruction. However, this is not the case with acoustic holography. The problem here 

is that acoustic holograms are recorded at the wavelength of sound, but are then 

reconstructed at the wavelength of visible light. This scaling down in wavelength will 

consequently introduce a large distortion that makes the exact three-dimensional 

reconstruction impossible. Although various methods to reduce this distortion have been 

proposed and there are also other techniques that have no direct similarity to optical 
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holography, still due to their complex set-ups, acoustic holography will not be the most 

practical way to generate acoustic image for now. 

 

More recently, new techniques have been developed to record and generate acoustic 

images in air. Microphone arrays are capable of providing spatial information for 

incoming acoustic waves, as they can capture key information that would be impossible 

to acquire with single microphones. Acoustic imaging microphone arrays (sometimes 

referred to as “acoustic cameras” [39]) often contain a camera which is usually located at 

the center of the array. An acoustic map, generated using the microphone data, is overlaid 

as a transparency over the camera image. With certain array signal processing techniques 

it is possible to localize individual sound sources in the recorded sound field and their 

emitted sound pressure level (SPL) from that acoustic image. 

 

While a wide frequency range is available for acoustic imaging, ultrasound (US) becomes 

one of the most widely used imaging technologies as it offers a much higher frequency 

(usually above 20 kHz) and can easily penetrate opaque media. This is why it has been 

successfully applied for imaging in medical and underwater sonar applications, and also 

frequently needed for testing of multi-layered objects in industrial production [21]. 

Medical ultrasonic imaging has been used to image the human body for over half a 

century. It is fast, portable, free of radiation risk, and relatively inexpensive when 

compared with other imaging modalities, such as magnetic resonance and computed 

tomography. Furthermore, ultrasound images are tomographic, i.e., they can offer a 

“cross-sectional” view of anatomical structures. The images can be obtained in real time, 
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thus providing instantaneous visual guidance for many interventional procedures. To 

improve image quality, ultrasound contrast agents such as microbubbles are often used. 

They have been successfully employed with a wide range of imaging techniques, and 

become the subject of a broad and rapidly developing field of research [22, 23]. 

 

Modern medical ultrasound system is performed primarily using a pulse-echo approach 

with a brightness-mode (B-mode) display. The basic principles of acoustic imaging are 

similar to the B-mode ultrasonography, which involves transmitting small pulses of 

ultrasound waves from a transducer into the body, and the echo signals returned from 

many sequential coplanar pulses are processed and combined to generate an image [54]. 

While high-frequency ultrasound equipment (up to 20 MHz) generate images of high 

resolution, their costs are relatively high for general consumer applications. 

 

Although ultrasound is capable of imaging in human body and underwater, it can be 

disrupted by air or gas, and therefore is not the most ideal imaging technique for 

applications that require to be operated in air. This has led us to explore other imaging 

modalities, such as using audible sound. 

 

1.1 Applications of Acoustic Imaging 

Conventionally, acoustic imaging can be divided into active imaging (where a transmitter 

produces acoustic energy which is either reflected from, or transmitted through, the 

object of interest) and passive imaging (where the object itself is the source of the 

acoustic energy) [56]. Its applications range from the submillimeter distances of acoustic 
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microscopy to hundreds of miles in some passive sonar applications. Correspondingly, 

the frequencies used vary from gigahertz to a few hertz, and the wavelengths from a few 

micrometers to thousands of meters. 

 

The most typical application for acoustic imaging arrays is teleconferencing. Alignment 

of the optical camera with the array is commonly used in conference room applications. 

The cameras may be used to identify the location of a person’s head. This information is 

then used to steer the microphone array towards the person for speech enhancement. 

However, such system requires special camera or image processing techniques, and in 

most cases the location of the person in the room needs to be fixed. So far less attention 

has been given to the uses of the microphone array itself to extract the locations of 

individuals through the sound source images.  

 

Mobile platforms that operate in everyday environments not only need to detect obstacles 

in their surroundings, but should also become aware of the presence of other objects. 

Detecting objects in the surroundings of a robot is crucial for control of its awareness and 

navigation. Based on the detection, the orientation and trajectory of the object can be 

estimated and the system can respond meaningfully, such as stepping out of the way of 

the object. Compared to optical and radar based systems, acoustic imaging provides a 

simple and cheap sensor alternative that allows for relatively precise range as well as 

angular information. Using an acoustic array, objects can be easily detected in the 

environment and a 3D image of reflections in the surrounding scene can be created [11, 
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12]. Object detection based on such a system can greatly enhance the overall system 

reliability. 

 

The importance of acoustic imaging technologies has also been recognized in the human-

computer interaction (HCI) community. There is a rapidly growing body of work that 

explores applications of this emerging image processing technology, including the 

possibility of creating novel 3D gesture recognition, developing interactive tools for the 

design and rapid fabrication of interactive systems and many others. 

 

To summarize, we briefly list the typical applications of microphone arrays and acoustic 

imaging: 

 Teleconferencing, 

 Hands-free acoustic human-machine interfaces, 

 Command-and-control interfaces, 

 Speech enhancement and recognition 

 Video games, 

 Mobile robot navigation systems, 

 High-quality audio recordings, 

 Acoustic surveillance (security and monitoring), 

 Acoustic scene analysis, 

 Sensor network technology. 
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We can see that the number of applications is enormous and can be expected to grow as 

time goes. 

 

1.2 Research Questions 

In this thesis, we address two main research questions: The first one is how to achieve 

acoustic imaging in air, both cheaply and accurately, with microphone arrays, especially 

in an environment where noise, echo and reverberation is high. The second question is 

how to utilize this imaging array system to measure the acoustic responses of different 

entities, and how the results can be affected by different frequencies and textures. 

 

Figure 1   Problems with microphone array signal processing. 
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To reconstruct the acoustic scene with microphone arrays, we need first to recover the 

source signals from the observed ones, and this usually includes noise reduction and 

dereverberation. We illustrate these problems in Figure 1, where all the signals received 

by the microphones will pass through certain filters that need to be optimized according 

to one of the above-mentioned problems. 

 

The objective of a noise reduction algorithm is to estimate the desired source signal from 

its corrupted observations which are due to the effects of an unwanted additive noise. 

With a microphone array, we should be able to reduce the noise without affecting much 

the sound source signal. 

 

In a room with furniture and multiple other objects, the signals that are received by 

microphones from a sound source contain not only the direct-path signals, but also 

attenuated and delayed replicas of the source signal due to reflections from boundaries 

and objects in this room. This multipath propagation effect introduces echoes and spectral 

distortions into the observation signals (termed as reverberation), which may severely 

deteriorate the source signal causing quality and intelligibility degradation. Therefore, 

dereverberation is required to improve the quality of the source signal. Great efforts have 

been made in the past decades to find practical solutions with a microphone array. 

 

Finally, the reflection and scattering of the source signal is influenced by the geometry 

and materials of the walls and other scatterers in the environment. Although we tend to 

avoid such signals for source localization and separation, they are of great interest with 
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acoustic navigation systems since they contain the key information for distinguishing 

different objects (such as human and non-human) in front of the detecting device. 

 

All of the aforementioned problems are very difficult to solve no matter the size, the 

geometry, or the number of elements of the array. Therefore, to address the first research 

question, our objective is to find the proper array signal processing algorithm for in-air 

acoustic imaging, and explore the design and implementation of a microphone array. For 

the second research question, our goal is to image typical objects with different textures 

using audible sound, and find out how their response powers vary with textures. We 

hypothesize that different textures will have different acoustic responses with the increase 

of testing frequencies. 

 

1.3 Thesis Overview 

This thesis is organized as follows: 

 

Chapter 2 provides a review of microphone array technology. We describe some current 

microphone array applications which are related to our work. This includes speech 

recognition, source localization and separation, range detection and navigation, in-air 

gesture sensing, and object detection, as well as some typical strategies for acoustic 

imaging. We also discuss some array processing algorithms, which include static and 

adaptive beamforming. 
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In Chapter 3 we introduce the algorithms used in this thesis. We begin by outlining some 

of the basic concepts of beamforming algorithm, and then discuss in further details the 

delay-and-sum beamformer and also give the simulation results of its beam pattern in 

order to illustrate its performance. We conclude this chapter by outlining some 

requirements for array design. 

 

In Chapter 4 we apply the proposed algorithms to a 64-node microphone array for 

acoustic imaging. We outline the process of designing both the hardware and software for 

the acoustic imaging array. This includes the components and tools we used, array 

geometry, and the program developed for the beamformer. We also provide the cost for 

building such microphone array system. 

 

Chapter 5 focuses on evaluating the performance of the array system and verifying our 

hypothesis. We simulate the beam pattern of this 64-node array, and test it with sound 

source localization and separation. We then examines the acoustic responses of different 

materials using the array and a speaker, and compare their frequency response curves as 

well as their corresponding acoustic images. In Chapter 6 we discuss these results in 

more depth and look at its potential for mobile robot navigation. 

 

Finally, Chapter 7 summarizes the major results and contributions of this thesis and 

highlights some directions for future research. 
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1.4 Contributions 

Acoustic imaging with microphone arrays has been an ongoing topic for more than a 

decade. Compared to other array systems presented in the current literature, we highlight 

the following key characteristics of our system that contribute to its capability in acoustic 

imaging applications: 

 High accuracy: Our system is capable of localizing sound source with an average 

error of 1.1 degrees. It can also separate two sound sources with an average error of 

13.1 degrees, which achieves significant improvement over previous small-scale 

microphone array localization system. 

 Low power consumption: All of the microphones are powered by a 3.3V/0.014A DC 

power supply, which is 46.2 mW in total. The output power of the speaker is 200 

mW. Thus, the overall system power consumption is 246.2 mW. Compared to optic-

based system such as Kinect (whose power demand is around 12 W), our system 

consumes approximately 98% less power. 

 Large array aperture: Our microphone array has 64 elements (8×8), with a sensor 

spacing of 2.3 cm (18.4×18.4 cm in total). The measured angular detection range is 

approximately 55 degree in azimuth, and 50 degree in elevation. In comparison with 

most of the currently-published works for acoustic imaging, we are among the first to 

test the performance of such large-scale microphone array. 

 Robustness in the presence of noise and reverberation: Our array system can 

accurately locate and separate sound source signals in a noisy and reverberant 

environment, which proves its suitability for practical applications (such as 

teleconferencing) in everyday surroundings. 
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 Cost effectiveness: The overall cost for the system is around $630, or $1.745/square 

centimeter installed, which is relatively cheaper, especially compared to commercial 

products (whose cost-per-unit-area are usually above $5/sq cm). 

 Simple, efficient, easy to build and use: Our system is constructed entirely using 

commodity, off-the-shelf audio modules and 3D printing technology. The programs 

we developed allow for immediate visualization of the raw data as well as the 

obtained acoustic images. 

 

Our work provides a thorough design guideline for the implementation of a 64-node 

microphone array system, which has been successfully applied for sound source 

localization and separation as well as in-air acoustic imaging with audible sound. 

Although we do not implement other complex adaptive beamforming algorithms, we 

show that the delay-and-sum beamforming technique presented is capable of good 

performance even in highly noisy and reverberant environment. 

 

We also examine the potential of our imaging array system for detecting objects with 

different textures. We obtained the acoustic images of 6 different materials and a human 

hand, and compared their frequency responses from 1 kHz to 7 kHz. To our knowledge, 

few works have ever measured such frequency responses within the range of audible 

sound, let alone in the context of acoustic imaging. From the results, we observed that 

while materials with smooth textures have similar frequency response patterns, the 

responses from rough textures (such as cardboard and human skin) present some 

significant differences at certain frequencies. Compared to smooth textures, their 
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response powers are relatively weak from 3.5 kHz to 6.5 kHz. This demonstrates our 

system’s effectiveness of detecting the differences between textures. We show that 

audible sound can be a cheap, low-power alternative technology for acoustic imaging. 
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2    Chapter: Related Works 

 

In this chapter, we survey the state of the art in three relevant fields: microphone array 

technology and its applications, acoustic imaging strategy, and array signal processing. 

 

2.1 Microphone Array Technology 

A microphone array is a composition of spatially distributed microphones. Microphone 

arrays feature the capability of obtaining the actual three-dimensional position of sound 

sources by estimating several direction-of-arrivals given geometrical considerations [55]. 

In an acoustic enclosure, such as an auditorium, conference room, concert hall, or 

automobile, ambient noise and reverberation degrade source signals. Microphone arrays 

can be steered in software toward a desired sound source, filtering out undesired sources. 

When an appropriate level of computational power is available, microphone arrays can 

also track a desired source around a space as the source moves. 

 

Over the past two decades, microphone arrays have been increasingly used for sound 

source separation and amplification, and since late 1980s, they have been applied for 

capturing audio in difficult acoustic environments. Flanagan et al. [70] at AT&T Bell Lab 

experimented with large microphone array designs in the late 1980’s. They designed and 

tested a rectangular array consisting of 63 microphone elements arranged into 9 columns 

and 7 rows on a 1 square meter panel. A later iteration of the system included 400 



 14 

microphones [71]. This system was deployed in an auditorium for directional audio 

capturing to support remote conferencing in the reverberation and noisy conditions. 

 

The Huge Microphone Array (HMA) project from the Laboratory for Engineering 

Man/Machine Systems (LEMS) group at Brown University designed an array consisting 

of 512 microphones [69], and was deployed in a lab space of 690 square feet. HMA 

followed a component design approach. The 512 microphone nodes were grouped into 32 

distinct modules. Each microphone module consisted of a printed circuit board (PCB) 

with 16 microphones, an independent analog-to-digital converter (ADC) and a dedicated 

digital signal processor (DSP). The DSP was responsible for single channel processing 

such as frequency transformation and bi-channel processing such as delay computations. 

The 32 modules were connected to a central processing unit via optical fiber cables. 

Custom DSPs and a load-and-go operating system were designed and built for the array 

to accommodate an estimated 6 GFlops of computation rate. HMA was used for a 

number of array processing tasks, including robust acoustic beamforming, and single and 

multi-source localization. 

 

The Large acOUstic Data Array (LOUD) project by MIT Computer Science and 

Artificial Intelligence Laboratory (CSAIL) built an array with 1020 microphones and 

holds the world record for the most number of microphones on a single array [31, 76]. 

The LOUD was an rectangular array and the microphones were arranged uniformly with 

a spacing of 3 cm on a panel of approximately 180 cm wide and 50 cm high (Figure 2). 

The 1020 nodes were attached to 510 PCBs. Each PCB module contained two 
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Figure 2   A photograph of the LOUD 1020-node microphone array. 

 

microphones, a stereo ADC and a small cooling component. The ADC sampled analog 

inputs at 16 kHz, generating 24-bit serial data. The PCB modules were assembled in a 

LEGO-like fashion: a chain of 16 PCB modules feed into a single input on a connector 

board using time-division multiplexing, 4 connector boards were used and each hosted 8 

such PCB chains. The array produced a total data rate of 393 Mbits/sec. To accommodate 

the high bandwidth, a customized parallel processor, based on the Raw industry standard 

architecture (ISA) [75], was designed and used. LOUD was primarily evaluated on 

automated speech recognition (ASR) tasks. It demonstrated significant word error rate 
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(WER) improvement over single far-field microphones for speech recognition in both 

normal (89.6% WER drop) and noisy conditions (87.2% WER drop). 

 

As microphone array technologies have become cheaper and increasingly accessible, 

there has been growing interest to use such setups for capturing contextualized audio 

events for building context-aware applications. More recently, rapid advances in 

processor technologies have propelled small-scale microphone arrays into many 

consumer electronic products such as smartphones and personal gaming devices. Most 

smartphones nowadays have at least two microphones for noise cancellation. Some 

emerging phones, such as Lumia 925 [28], even have three microphones, which will 

enable more microphone array based applications such as automatic voice tracking. 

 

Commercial products for audio beamforming have also been developed by various 

companies. For example, the Microsoft Kinect [27] sensor contains a linear microphone 

array which was originally designed for beamforming, a technique used to amplify sound 

from one direction and suppressing sound coming from other directions. The microphone 

array features four microphone capsules with each channel processing 16-bit audio at a 

sampling rate of 16 kHz. It enables the device to conduct ambient noise suppression so 

that the player can interact with the game via voice recognition. Other companies, such as 

Acoustic Camera [29], developed a PC-based beamforming system that utilizes sound 

acquisition arrays ranging from few tens to more than a hundred elements. Polycom and 

Microsoft presented the CX5000 [30] unified conference station that leverage 

microphone array technology in audio conferencing applications [72]. In a recent 
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research project, Theodoropoulos et al. [33] implemented a custom architecture as a 

multicore reconfigurable processor for audio beamforming systems, their proposed 

solution can extract up to 16 audio sources in real time under a 16-microphone setup. 

 

There is currently a significant amount of research and numerous applications which use 

microphone array for communications, detection and analysis. We list some of the 

research topics that are related to our work below. 

 

2.1.1 Speech Recognition 

Communication through speech has been extensively explored as a method for making 

human-computer interaction more natural. However, speech recognition performance 

degrades significantly in distant-talking environments, where the speech signals can be 

severely distorted by additive noise and reverberation. In such environments, the use of 

microphone arrays has been proposed as a means of improving the quality of captured 

speech signals. 

 

More recently, the demand for hands-free speech communication and recognition has 

increased and as a result, newer techniques have been developed to address the specific 

issues involved in the enhancement of speech signals captured by a microphone array 

[63]. As mentioned before, one of the most famous implementations is the LOUD array, 

which was part of the MIT Oxygen project [32]. The LOUD system is based on the 

delay-and-sum beamforming algorithm for sound source amplification in a noisy 
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environment. Experimental results suggest that utilizing such a large microphone array 

can dramatically improve the source recognition accuracy up to 90.6%. 

 

2.1.2 Sound Source Localization and Separation 

Another major functionality of microphone array signal processing is the estimation of 

the location from which a source signal originates. In acoustic environments, the source 

location information plays an important role for applications such as automatic camera 

tracking for videoconferencing and beamformer steering for suppressing noise and 

reverberation. Estimation of the source location, which is often called source-localization 

problem, has been of considerable interest for decades. It is accomplished by utilizing 

differences in the sound signals received at different observation points to estimate the 

direction and eventually the actual location of the sound source. Two or three 

dimensional microphone arrays are required to estimate the angle of arrival or the 

position in Cartesian coordinates of the source. For the two related problems of 

estimating the number of sources and localizing multiple sources, several interesting 

algorithms, such as MUltiple SIgnal Classification (MUSIC) [3], exist for narrowband 

signals [2]. However, researchers have just started to investigate these problems for 

broadband sources. 

 

Source localization is a fundamental task for microphone array systems and extensive 

research on localization strategies exists. Zhang et al. [38] provided simulation results of 

a signal source localization system based on an 8-element uniform linear microphone 

array and MUSIC algorithm. Pei et al. [6] presented an approach for locating a sound 
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source using the small-scale linear microphone array on Kinect. Their positioning results 

showed an average error of 0.25 meters along the horizontal axis and 0.53 meters error 

along the vertical axis. Goseki et al. [4, 5] proposed a method of visualizing sound 

pressure distribution by combining microphone array processing with camera image 

processing. Meyer et al. [37] further described an approach to visualize sound distribution 

on 3D models via microphone arrays and a laser scanner. Huang [41] presented a real-

time recursive algorithm based on the classical state observer in linear control theory to 

identify the main noise source of an aircraft model for wind tunnel tests. Sun [73] 

examined the use of a scalable microphone array system known as Scalable Large 

Aperture Array of Microphones (SLAAM) to extract the locations of individuals in real-

time. The system was built with 36 microphones that hung at equal distance from the 

beams and was deployed in an open semi-structured lab covering a physical space of 

roughly 1000 square feet. It achieved high accuracy, low latency human speech 

localization and small-group conversation analysis. 

 

In addition to 2D planar arrays, 3D geometries such as spheres have also been used to 

localize the sound sources with a variety of techniques. O’Donovan et al. [34] showed 

through a spherical microphone array that the passive localization of sound sources and 

their reflections in a concert hall is possible. Legg and Bradley [39] presented a 

calibration technique for an acoustic imaging spherical microphone array, combined with 

a digital camera. This technique did not require prior knowledge of microphone positions, 

inter-microphone spacings, or air temperature. It was applied to a spherical array with 72 

microphones and three cameras. The calibration results were then applied to acoustic 
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imaging for source localization using beamforming and CLEAN-SC algorithms. A mean 

position difference of 6.6 mm of the sound source coordinates in the acoustic maps was 

obtained compared to the coordinates obtained using optical computer vision techniques. 

 

In source separation with multiple microphones, the problem here is to separate different 

signals coming simultaneously from different directions. All the approaches are blind in 

nature since there is not usually access to either the acoustic channels or the source 

signals. Independent component analysis (ICA) [77] is the most widely used tool for the 

blind source separation (BSS) problem, since it takes fully advantage of the independence 

of the source signals. For example, Turqueti et al. [7] provided the first results on the use 

of a 52 microphone micro-electro-mechanical systems (MEMS) array, embedded in a 

field-programmable gate array (FPGA) platform as a source separation system utilizing 

the ICA technique. They further tested their system to monitor and localize the heart 

sound, and observed two very distinct heart beat patterns on the obtained acoustic image 

[58]. Similarly, Kajbaf and Ghassemian [64] proposed a new imaging method for heart 

sound segmentation. Their system was based on a smaller 3 by 3 microphone array using 

the delay-and-sum beamforming technique. 

 

While most of the algorithms based on ICA work very well when the signals are mixed 

instantaneously, they do not perform that well in a reverberant environment. Although a 

significant amount of progress has been made recently, it is still not clear how and to 

what degree this can be useful in speech and other acoustic applications. 
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2.1.3 Range Detection and Navigation System 

Information on the distance to the target is very important to achieve the practical use of 

hands-free speech interfaces and nursing-care robots. For instance, Strakowski et al. [9] 

used sound to develop an obstacle detecting aid for visually impaired people. Their 

system operated at 18.4 kHz, and used phase beamforming with an array of 64 

microphones. Harput and Bozkurt [10] also proposed a mobility aid for the blind based 

on ultrasound. The system contained six transmitting and four receiving elements, which 

were organized in linear arrays for imaging in the horizontal plane. Bedri et al. [36] 

implemented a method to sense stationary diffuse sound reflecting objects using active, 

in-air sensing, with a pair of microphones and speakers which were moved in a vertical 

plane. This technique was applied to detect a mannequin hidden around the corner. In 

addition, Lang et al. [74] used a two-microphone array as part of a multi-modal person 

tracking system on a mobile robot. 

 

In the field of acoustic imaging, there also exist some works on range detection. Miyake 

et al. [8] demonstrated an acoustic range imaging system based on the phase interference 

method using audible sound. They applied the beamforming technology to range spectra 

calculated from a linear microphone array to estimate both distance and direction of the 

target in the short-range. In ultrasonic imaging, however, the Doppler Effect, which is 

caused by the movement of the target, causes a frequency shift on the reflected sound, 

and usually results in object detection failure. To overcome this, Maeda et al. [24] 

constructed an experimental system which comprised of 128 MEMS microphones and an 
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FPGA for Doppler ultrasonic 3D imaging. By utilizing a log-step multicarrier signal as 

the transmitter wave, they succeeded in obtaining 3D imaging of a moving object. 

 

2.1.4 In-air Gesture Sensing 

Gesture is becoming an increasingly popular means of interacting with computers. 

However, it is still relatively costly to deploy robust gesture recognition sensors in 

existing mobile platforms. As an alternative, sonic gesture sensing has been shown to be 

effective for recognizing a variety of in-air gestures for controlling interfaces. Current 

technologies, however, have focused on separate transducers and receivers that require 

custom hardware. For example, Kalgaonkar et al. [40] developed a device, which was 

based on the Doppler Effect, to recognize one-handed gestures in 3D space using low-

cost ultrasonic transducers that emit a 40 kHz tone. They placed one transmitter and three 

receivers in a triangle pattern where gestures could be performed and sensed. In addition, 

Adib et al. [65, 66] presented a motion tracking system using radio reflections that 

bounce off a person’s body. Their system was based on multiple transmit and receive 

antennas mounted on a foldable platform and arranged in a single vertical plane. By 

estimating the time-of-flight (TOF) of received signals, they were able to recognize 

concurrent gestures performed in 3D space by multiple users. 

 

To utilize the most ubiquitous components in computing systems, Gupta et al [35] 

demonstrated that using existing speakers and microphones on commodity devices such 

as laptops and mobile phones, movement and gesture recognition is possible by sensing 
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the Doppler shift of reflected sound. This solution worked across a wide range of existing 

hardware to facilitate immediate application development and adoption. 

 

2.1.5 Object Detection 

Object detection is commonly based on optical imaging sensors. For example, LIDAR 

and Kinect use infrared light, while stereo cameras use visible light. These systems 

require hardware operating at high sampling frequencies, precise calibration, and they 

dissipate significant power. Object detection by sonic or ultrasonic means is attractive 

because of its relatively low power consumption, and simpler, low-rate hardware. 

Additionally, it could complement light-based detection in scenarios where light fails, 

such as mirrors, windows and glass walls, imaging through thin fabric, or spaces filled 

with smoke. 

 

Moebus and Zoubir [11] studied ultrasound imaging in air for object detection, and 

discussed its suitability for biometric applications such as human presence detection [12]. 

Their system was based on beamforming with a synthetic 2D array of 400 acoustic 

receivers. Dokmanic and Tashev [13] designed a simple ultrasonic device with eight 

MEMS microphones and eight piezo transducers operating at 40 kHz, for acquiring 

images in both azimuth and elevation. To deal with imperfect beamforming, they 

proposed to combine the beamformer with sound source localization algorithms 

(MUSIC). They obtained depth images that revealed the pose of a human subject. This 

suggested that ultrasound could be used for skeletal tracking, or more generally, human-
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computer interaction. However, due to its high attenuation nature, the use of ultrasound in 

air, especially in the presence of noise and reverberation, is still limited. 

 

2.2 Acoustic Imaging Strategy 

2.2.1 Lens Based Strategy 

Similar to light, sound can be focused through an acoustic lens to produce an acoustic 

image. An acoustic lens focuses sound in much the same way as an optical lens focuses 

light. Lenses based on refraction have been widely used to focus sound. Wehr et al. [42] 

created a non-linear acoustic lens using chains of spheres, in order to let the sound waves 

travel through each chain to meet at a specific focal point and form increased relative 

amplitude. Candelas et al. [44] demonstrated that an acoustic lens can be built with a 

single subwavelength slit surrounded by a finite number of grooves. 

 

There are also a number of studies that explore the use of an array of rigid cylinders in air 

(known as the sonic crystal) to make such refractive lenses. A sonic crystal is an artificial 

crystal composed of a periodic alignment of acoustic scattering materials imbedded in the 

uniform host material as shown in Figure 3 [49]. It is expected to have full band-gaps, in 

which any acoustic wave cannot propagate in the crystal. For example, Sanchez-Perez et 

al. [48] showed an insufficient band-gap of a two-dimensional periodic array of rigid 

cylinders in air. Miyashita et al. [49, 50, 51] observed the existence of a full bandgap for 

a sonic crystal made of a periodic array of acrylic cylinders in air, and further studied its 

application as various shapes of sonic wave-guides to directionally transmit sound wave 

with a relative small leakage. Cervera et al. [46] used a sonic crystal to build up refractive 
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acoustic lenses for airborne sound. He et al. [47] proposed a hybrid sonic crystal imaging 

devices to achieve multi-images from one-source input along with the designable image 

positions. 

 

 

Figure 3   Photograph of a typical sonic crystal sample taken from underneath [48]. 

 

However, certain limitations exist to the aforementioned techniques. For lenses based on 

sonic crystals, the lattice constant must be of the same order as the acoustic wavelength, 

which results in an imaging resolution that is limited by diffraction. Moreover, as we are 

using a range of frequencies for the sound sources, it would be impractical to build such 

lenses for each of the testing frequency. Although new technologies such as acoustic 

diodes [16], acoustic rectifiers [17], and 3D acoustic metamaterials [45] have been 



 26 

proposed recently to overcome these limitations, practical realization of such 

technologies has never been achieved. 

 

2.2.2 Time-Reversal Strategy 

In addition to physical lenses, previous works have described other strategies such as 

time-reversal techniques to focus sound and generate acoustic image. For instance, sound 

pressure can be increased in a specified space by array signal processing, such as 

beamforming [43], or side lobe suppression method. It is based on nullspace-based sound 

field control (NBSFC) [15], which suppresses the sound pressure at any control point 

with a loudspeaker array, and forms an area where only the desired sound is reproduced 

to each listener. Similar processing techniques have also been used on commercial 

directional loudspeaker products such as Acouspade [14], as well as 3D-printed speakers 

utilizing electrostatic loudspeaker technology [52, 53]. 

 

With sensor arrays, such time-reversal approach can be achieved by properly processing 

the received signals at each channel so that the target sound sources can be selectively 

amplified and imaged. Compared to the lens based strategy, time-reversal technique 

offers more flexibility in applications that require special manipulations of acoustic 

waves, such as medical imaging or therapy. 

 

2.3 Array Signal Processing 

Microphone arrays present additional challenges for signal processing methods since 

large numbers of detecting elements and sensors generate large amounts of data to be 
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processed. Furthermore, applications such as sound source localization and sound 

imaging, require complex algorithms to properly process the raw data [57]. On the one 

hand, the environmental noise in acoustical imaging is often severe, thus significant effort 

needs to be put into signal processing for the extraction of imaging data from noise. On 

the other hand, because of their low-propagation velocities, acoustic signals can be gated 

to provide range discrimination, resulting in a failure in the estimation of their locations. 

Therefore, many signal processing techniques that use arrays of sensors have been 

proposed to improve the quality of the output signal and achieve a substantial 

improvement in the signal-to-noise ratio (SNR) [3, 18, 56, 59]. The most well-known 

general class of array processing methods are beamforming [25], which has already been 

widely used for many decades in different application fields, such as the Sound 

Navigation and Ranging (SONAR), Radio Detection and Ranging (RADAR), 

telecommunications, and ultrasound imaging [26]. The beamforming technique requires 

the utilization of microphone arrays that capture all emanating sounds. All incoming 

signals are then combined to amplify the primary source signal, while at the same time 

suppressing any environmental noise. 

 

2.3.1 Static Beamforming 

Generally, there are two different types of beamforming: static (or non-adaptive) and 

adaptive [25]. Non-adaptive method is based on the fact that the spatial environment is 

already known and tracking devices are used to locate the sound sources. It involves 

using a fixed set of parameters for the transducer array, as the array processing 

parameters do not change dynamically over time. In the majority of the cases, a non-
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adaptive delay-and-sum approach is utilized, due to its rather simple implementation and 

because a tracking device (such as a video camera) is almost always available. 

Algorithms such as Delay-and-Sum Beamforming (DSBF) [60] can be used to generate 

an acoustic map from microphone data. These algorithms generally use time delays 

which can be calculated from the geometry of the array. 

 

In DSBF, the signals received by the microphones in the array are time-aligned with 

respect to each other in order to adjust for the path-length differences between the sound 

source and each of the microphones. The now time-aligned signals are then weighted and 

added together. Any interfering signals from noise sources that are not coincident with 

the sound source remain misaligned and are thus attenuated when the signals are 

combined. A natural extension to DSBF is filter-and-sum beamforming, in which each 

microphone has an associated filter, and the received signals are first filtered and then 

combined. 

 

2.3.2 Adaptive Beamforming 

In contrast, adaptive approaches do not utilize tracking devices to locate the sound 

source. In fact, the received signals from the microphones are used to calibrate properly 

the beamformer, in order to improve the quality of the extracted source. Adaptive 

beamforming can adapt the parameters of the array in accordance with changes in the 

application environment. These methods, such as the Minimum Variance Distortionless 

Response (MVDR) [57], Frost [61], and Generalized Sidelobe Canceller (GSC) [62], 

update the array parameters on a sample-by-sample or frame-by-frame basis according to 
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a specified criterion. Typical criteria used in adaptive beamforming includes a 

distortionless response in the look direction or the minimization of the energy from all 

directions not considered the look direction. Although computationally demanding, it can 

perform better than static beamforming in noise rejection. 

 

The improved performance does not come without a price however. For example, the 

MVDR is more sensitive to sensor position errors. In circumstances where sensor 

positions are inaccurate, MVDR could produce a worse spatial spectrum than DSBF. 

Moreover, if the difference of two signal directions is further reduced to a level that is 

smaller than the beamwidth of an MVDR beam, the MVDR estimator will also fail. 

Consequently, the required microphones must be placed at very specific and carefully 

selected positions, which is unfeasible in many applications. 

 

Adaptive beamforming is most useful only when the interference is concentrated in a 

small number of known directions or in some known set of frequencies. The algorithms 

are extremely sensitive to delay estimates, signal attenuation, and filtering characteristics, 

for example, enough to make them ineffective for many practical applications. Thus, for 

sound source localization and imaging, the static beamforming algorithm performed in 

the frequency domain is normally adopted as the fundamental processing method [41]. 
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3    Chapter: Methodology 

 

The most fundamental step in obtaining the source-origin information is estimating the 

time difference of arrival (TDOA) between different microphones. This estimation 

problem would be an easy task if the received signals were merely a delayed and scaled 

version of each other. In reality, however, the source signal is generally immersed in 

ambient noise since we are living in a natural environment where the existence of noise is 

inevitable. Furthermore, each observation signal may contain multiple attenuated and 

delayed replicas of the source signal due to reflections from boundaries and objects. This 

multipath propagation effect (termed as reverberation) introduces echoes and spectral 

distortions into the observation signal, which severely deteriorates the source signal. In 

addition, the source may also move from time to time, resulting in a changing time delay. 

All these factors make TDOA estimation a complicated and challenging problem. 

 

As discussed in the previous chapters, beamforming technology alleviates the majority of 

the shortcomings that other recording techniques introduce, at the cost of an increased 

number of input channels. A beamformer is a processor used in conjunction with an array 

of sensors to provide a versatile form of spatial filtering [25]. The sensor array collects 

spatial samples of propagating wave fields, which are processed by the beamformer. The 

objective is to estimate the signal arriving from a desired direction in the presence of 

noise and interfering signals. The beamformer performs spatial filtering to separate 

signals that have overlapping frequency content but originate from different spatial 
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locations. The spatial-filter based beamformer was developed for narrowband signals that 

can be sufficiently characterized by a single frequency. It can be used for plenty of 

different purposes, such as detecting the presence of a signal, estimating the direction of 

arrival (DOA), and enhancing a desired signal from its measurements corrupted by noise, 

competing sources, and reverberation. 

 

Currently, we are using a delay-and-sum beamformer, which is the simplest way of 

computing the beam. Delay-and-sum beamforming (DSBF) uses the fact that the delay 

for the sound wave to propagate from one microphone in the array to the next can be 

empirically measured or calculated from the array geometry. This delay is different for 

each direction of sound propagation, i.e., from the sound source position. By delaying the 

signal from each microphone by an amount of time corresponding to the direction of 

propagation and then summing the delayed signals, we selectively amplify the sound 

coming from a particular direction. This process is illustrated in Figure 4. DSBF assumes 

that the position of the desired source relative to the array is known. The problem of 

accurately localizing a source is crucial, but rather separate from the problem of 

amplifying sound coming from a particular direction. 

 

Figure 4   Illustration of the delay-and-sum beamforming process. 
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3.1 Speed of Sound 

The sound is a compression wave which travels around 343.2 meters per second in dry air 

with temperature at 20 ˚C. The speed of sound in various temperature conditions can be 

calculated from the equation below [19]: 

 
𝑐 = 331.3 × �1 +

𝑇
273.15

 
(1) 

where c is the speed of sound in m/s, and T is the temperature in ˚C. 

 

The propagation speed of sound is significantly slower compared to light and 

electromagnetic waves, which lowers the demand for precise clock in a sound based 

localization system. For example, in a GPS receiver a clock error of one nanosecond 

introduces a range measurement error of 0.3 meter, whereas in a sound based localization 

system the same error will be introduced with a clock error of one millisecond. 

 

3.2 Far-field and Near-field Cases 

The wave front from a sound source is curved and not flat, which introduces much more 

complexity in the actual position calculations using TDOA. However, this wave front can 

be approximated as flat but it introduces an error in the calculated position. The relative 

size of this error compared to other error sources depends on the distance between the 

sound source and the microphone array and the size of the array. If the distance between 

the sound source and the array is large compared to the dimensions of the array the 

approximation does not introduce much additional error in the calculated position. This is 
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often referred to as a far-field case. If the distance between the sound source and the array 

is small compared to the dimensions of the array this approximation cannot be made. 

This is referred to as a near-field case. 

 

In most beamforming applications two assumptions simplify the analysis: the signal 

sources are located far enough away from the array that the wave fronts impinging on the 

array can be regarded as plane waves (far-field assumption), and the signals incident on 

the array are narrow-banded (narrow-band assumption). 

 

3.3 Problem Description 

In sensor arrays, a widely used signal model assumes that each propagation channel 

introduces only some delay and attenuation. With this assumption and in the scenario 

where we have an array consisting of N sensors, the array outputs, at time k, can be 

expressed as: 

 𝑦𝑛(𝑘) = 𝑎𝑛𝑠[𝑘 − 𝑡 − Ϝ𝑛(𝜏)] + 𝑣𝑛(𝑘) (2) 

                 = 𝑥𝑛(𝑘) + 𝑣𝑛(𝑘),𝑛 = 1,2, … ,𝑁,  

where 𝑎𝑛 (𝑛 = 1,2, … ,𝑁), which range between 0 and 1, are the attenuation factors due 

to propagation effects, 𝑠(𝑘) is the unknown source signal, t is the propagation time from 

the unknown source to sensor 1, 𝑣𝑛(𝑘) is an additive noise signal at the nth sensor, τ is 

the relative delay (or TDOA) between sensor 1 and 2, and Ϝ𝑛(𝜏) is the relative delay 

between sensors 1 and n with Ϝ1(𝜏) = 0 and Ϝ2(𝜏) = 𝜏. In this chapter, we make a key 

assumption that τ and Ϝ𝑛(𝜏) are known or can be estimated and the source and noise 
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signals are uncorrelated. We also assume that all the signals in equation (2) are zero-

mean and stationary. 

 

By processing the array observations 𝑦𝑛(𝑘), we can acquire much useful information 

about the source, such as its position, frequency, etc. However, the problem considered in 

this chapter is focused on reducing the effect that the additive noise terms 𝑣𝑛(𝑘) may 

have on the desired signal, thereby improving the signal-to-noise ratio (SNR). 

Considering the first sensor as the reference signal, the goal of this chapter can be 

described as to recover 𝑥1(𝑘) = 𝑎1𝑠(𝑘 − 𝑡) up to an eventual delay. 

 

3.4 Delay-and-Sum Beamforming 

Instead of physically, beamforming algorithmically steers the sensors in the array toward 

a target signal. The direction the array is steered is called the look direction. In order to 

simulate the directivity of a microphone array, we need to make the following 

assumptions [55]: 

 All microphones are identical and have unity gain and induce zero phase shifts to the 

recorded signal. 

 Microphones are dot-like and do not alter the sound field. They individually have 

perfect spherical directivity. 

 The impinging sound waves are plane waves. 

 

The delay-and-sum (DS) beamformer consists of two basic processing steps [57, 70, 78]. 

The first step is to time-shift each sensor signal by a value corresponding to the TDOA 
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between that sensor and the reference one. With the signal model given in equation (2) 

and after time shifting, we obtain 

 𝑦𝑎,𝑛(𝑘) = 𝑦𝑛[𝑘 + Ϝ𝑛(𝜏)]  

                          = 𝑎𝑛𝑠(𝑘 − 𝑡) + 𝑣𝑎,𝑛(𝑘)  

                                              = 𝑥𝑎,𝑛(𝑘) + 𝑣𝑎,𝑛(𝑘),𝑛 = 1,2, … ,𝑁, (3) 

where 

𝑣𝑎,𝑛(𝑘) = 𝑣𝑛[𝑘 + Ϝ𝑛(𝜏)], 

and the subscript ‘𝑎’ implies an aligned copy of the sensor signal. The second step 

consists of adding up the time-shifted signals, giving the output of the DS beamformer: 

 
𝑧𝐷𝐷(𝑘) =

1
𝑁
�𝑦𝑎,𝑛(𝑘)
𝑁

𝑛=1

 
 

 
                              = 𝑎𝑠𝑠(𝑘 − 𝑡) +

1
𝑁
𝑣𝑠(𝑘) 

(4) 

where 
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𝑣𝑠(𝑘) = �𝑣𝑎,𝑛(𝑘)
𝑁
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                         = �𝑣𝑛[𝑘 + Ϝ𝑛(𝜏)]
𝑁

𝑛=1

 

In this way the DS beamformer is able to determine the amplitude of incident sound as a 

function of its frequency and direction of arrival. 
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3.5 Signal-to-Noise Ratio 

Now we can examine the input and output SNRs of the DS beamformer [57]. For the 

signal model given in equation (2), the input SNR relatively to the reference signal is 

 
𝑆𝑁𝑆 =

𝜎𝑥1
2

𝜎𝑣12
= 𝛼12

𝜎𝑠2

𝜎𝑣12
 

(5) 

where 𝜎𝑥1
2 = 𝐸[𝑥12(𝑘)], 𝜎𝑣1

2 = 𝐸[𝑣12(𝑘)], and 𝜎𝑠2 = 𝐸[𝑠2(𝑘)] are the variances of the 

signals 𝑥1(𝑘), 𝑣1(𝑘), and 𝑠(𝑘), respectively. After DS processing, the output SNR can be 

expressed as the ratio of the variances of the first and second terms in the right-hand side 

of equation (4): 

 
     𝑜𝑆𝑁𝑆 = 𝑁2𝛼𝑠2
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where 
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(7) 

with 𝜎𝑣𝑛
2 = 𝐸[𝑣𝑛2(𝑘)] being the variance of the noise signal 𝑣𝑛(𝑘), and 𝜚𝑣𝑖𝑣𝑗 =

𝐸�𝑣𝑖[𝑘 + Ϝ𝑖(𝜏)]𝑣𝑗[𝑘 + Ϝ𝑗(𝜏)]� being the cross-correlation function between 𝑣𝑖(𝑘) and 

𝑣𝑗(𝑘). 
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Let us assume that the noise signals at the microphones are uncorrelated, i.e., 𝜚𝑣𝑖𝑣𝑗 =

0,∀𝑖, 𝑗 = 1,2, … ,𝑁, 𝑖 ≠ 𝑗, and they all have the same variance, i.e., 𝜎𝑣1
2 = 𝜎𝑣2

2 = ⋯ =

𝜎𝑣𝑛
2 . We also suppose that all the attenuation factors are equal to 1 (i.e., 𝛼𝑛 = 1,∀𝑛). 

Then it can be easily checked that 

 𝑜𝑆𝑁𝑆 = 𝑁 ∙ 𝑆𝑁𝑆 (8) 

It is interesting to see that under the previous conditions, a simple time-shifting and 

adding operation among the sensor outputs results in an improvement in the SNR by a 

factor equal to the number of sensors. This will mean that the signal 𝑧𝐷𝐷(𝑘) will be less 

noisy than any microphone output signal 𝑦𝑛(𝑘), and will possibly be a good 

approximation of 𝑥1(𝑘). 

 

3.6 Beam Pattern 

Another way of illustrating the performance of a DS beamformer is through examining 

the corresponding beam pattern [57], which provides a complete characterization of the 

array system’s input-output behavior. The term beam pattern characterizes the array’s 

input-output behavior when the beamformer is steered to a specific direction. It can be 

used to analyze how the array output is affected by signals different from the focused 

one. 

 

From the previous analysis, we easily see that a DS beamformer is indeed an N-point 

spatial filter and its beam pattern is defined as the magnitude of the spatial filter’s 

directional response. From equation (3) and (4), we can check that the nth coefficient of 
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Figure 5   Illustration of an equispaced linear array, where the source s(k) is located in the far field, 

the incident angle is θ, and the spacing between two neighboring sensors is d. 

 

the spatial filter is 1
𝑁
𝑒𝑗2𝜋𝑓Ϝ𝑛(𝜏), where f denotes frequency. The directional response of 

this filter can be found by performing the Fourier transform. Since Ϝ𝑛(𝜏) depends on both 

the array geometry and the source position, so the beam pattern of a DS beamformer 

should be a function of the array geometry and source position. In addition, the beam 

pattern is also a function of the number of sensors and the signal frequency. Now suppose 

that we have an equispaced linear array, which consists of N omnidirectional sensors, as 

illustrated in Figure 5. If we denote the spacing between two neighboring sensors as d, 

and assume that the source is in the far field and the wave rays reach the array with an 

incident angle of θ, the TDOA between the nth and the reference sensors can be written 

as 
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Ϝ𝑛(𝜏) = (𝑛 − 1)𝜏 = (𝑛 − 1)

𝑑 cos 𝜃
𝑐

 
(9) 

where c denotes the sound velocity in air, and can be calculated from equation (1). In this 

case, the directional response of the DS filter, which is the spatial Fourier transform of 

the filter [80], can be expressed as 

 
   𝑆𝐷𝐷(𝜑, 𝜃) =

1
𝑁
�[𝑒𝑗2𝜋(𝑛−1)𝑓𝑓 cos𝜃/𝑐]𝑒−𝑗2𝜋(𝑛−1)𝑓𝑓 cos𝜑/𝑐
𝑁

𝑛=1

 
 

 
=

1
𝑁
�𝑒−𝑗2𝜋(𝑛−1)𝑓𝑓 [cos𝜑−cos𝜃]/𝑐
𝑁

𝑛=1

 
(10) 

where 𝜑 (0 ≤ 𝜑 ≤ 𝜋) is a directional angle. The beam pattern is then written as 

 𝐴𝐷𝐷(𝜑,𝜃) = |𝑆𝐷𝐷(𝜑,𝜃)|  

 
                                                           = �

𝑠𝑖𝑛[𝑁𝜋𝑁𝑑 (𝑐𝑜𝑠 𝜑 − 𝑐𝑜𝑠 𝜃) /𝑐]
𝑁𝑠𝑖𝑛[𝜋𝑁𝑑 (𝑐𝑜𝑠 𝜑 − 𝑐𝑜𝑠 𝜃) /𝑐]

� 
(11) 

 

Using the phased array system toolbox in MATLAB [68], we simulated the beam pattern 

for an equispaced linear array with ten sensors, d = 8 cm, θ = 90°, and f = 2 kHz. Figure 6 

plots the result. It consists of a total of 9 beams (in general, the number of beams in the 

range between 0° and 180° is equal to N − 1). The one with the highest amplitude is 

called mainlobe and all the others are called sidelobes. One important parameter 

regarding the mainlobe is the beamwidth (mainlobe width), which is defined as the region 

between the first zero-crosses on either side of the mainlobe. With the above linear array, 

the beamwidth can be easily calculated as 2 cos−1[𝑐/(𝑁𝑑𝑁)]. This number decreases 

with the increase of the number of sensors, the spacing between neighboring sensors, and 

the signal frequency. The height of the sidelobes represents the gain pattern for noise and 
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competing sources present along the directions other than the desired look direction. In 

array and beamforming design, we hope to make the sidelobes as low as possible so that 

signals coming from directions other than the look direction would be attenuated as much 

as possible. 

 

 

Figure 6   Beam pattern of a ten-sensor array when θ = 90°, d = 8 cm, and f = 2 kHz: in Cartesian 

coordinates (left) and in polar coordinates (right). 

 

3.7 Sensor Spacing 

From the previous analysis, we see that the array beamwidth decreases as the spacing d 

increases. So, if we want a sharper beam, we can simply increase the spacing d, which 

leads to a larger array aperture. This would, in general, lead to more noise reduction. 

Therefore, in array design, we would expect to set the spacing as large as possible. 

However, when d is larger than 𝜆/2 = 𝑐/(2𝑁), where λ is the wavelength of the signal, 

spatial aliasing would arise [57]. To visualize this problem, we plot the beam pattern for 

an equispaced linear array same as used in Figure 6 (right). The signal frequency f is still 
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2 kHz. But this time, the array spacing d is 24 cm. The corresponding simulation result is 

shown in Figure 7. This time, we see three large beams that have a maximum amplitude 

of 1. The other two are called grating lobes. Signals propagating from directions at which 

grating lobes occur would be indistinguishable from signals propagating from the 

mainlobe direction. This ambiguity is often referred to as spatial aliasing. In order to 

avoid spatial aliasing, the array spacing has to satisfy 

 
𝑑 ≤

𝜆
2

=
𝑐

2𝑁
 

(12) 

By analogy to the Nyquist sampling theorem, this result may be interpreted as a spatial 

sampling theorem. 

 

 

Figure 7   Beam pattern (in polar coordinates) of a ten-sensor array when θ = 90°, d = 24 cm, and f = 

2 kHz. 
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The above case suggests two requirements in array design: the spacing among sensors 

cannot be too large (as compared to the wavelength). Otherwise we will experience the 

spatial aliasing problem, which causes ambiguity in recovering the desired signal. On the 

other hand, the sensors cannot be too close. If they are too close, the array does not 

provide enough aperture for recovering the source signal. A general rule of thumb is to 

choose the spacing of sensors between 𝜆/10 and 𝜆/2 [81, 82]. 
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4    Chapter: System Design 

 

The design of a beamforming system requires various evaluations before its final 

implementation. Based on the applications, the size of the recording area and the 

hardware cost limitations, we need to evaluate different array geometries and the SNR 

quality of the extracted sources under different numbers of microphones. Furthermore, 

internal signal calculations, except filtering, in many cases also require decimation and 

interpolation. Based on the available hardware resources, we should carefully evaluate 

the sampling rate and the filtering coefficients of the algorithm used. 

 

 

Figure 8   The schematic diagram of the 64-node microphone array hardware design. 
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4.1 Hardware Design 

The design of our microphone array faces several challenges such as number of detectors, 

array geometry, reverberation, interference issues and signal processing. These factors 

are crucial to the construction of a reliable and effective microphone array system. Figure 

8 illustrates the hardware design of the array. 

 

4.1.1 The Sensors 

Our array is constructed using the microphone modules from Adafruit [83]. The module 

consists of an electret condenser microphone (CUI CMA-4544PF-W) and an operational 

amplifier (Maxim MAX4466) with adjustable gain. Figure 9 shows the selected 

microphone module. The microphone is omni-directional and has a sensitivity of -44 ±2 

dB at 1 kHz, 1 Pa. Its frequency response is essentially flat from 50 to 3000 Hz (Figure 9 

right), and its operating frequency ranges from 20 Hz to 20 kHz. These electret 

microphones are fundamental parts of the array due to their small size, high sensitivity, 

and low power consumption. When combined into an array, they provide a highly 

versatile acoustic aperture. 

 

Figure 9   The microphone module selected for our array (left) and its frequency response curve 

(right). 
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4.1.2 Array Geometry 

Depending on the nature of the applications, the geometry of the microphone array can 

play an important role in the formulation of the processing algorithms. For example, in 

sound source localization the array geometry must be known in order to be able to 

localize a source properly. Moreover, sometimes a regular geometry will even simplify 

the problem of estimation, which is why uniform linear, rectangular and circular arrays 

are often used [57]. Nowadays, these three geometries dominate the research but we see 

more and more sophisticated three-dimensional spherical arrays as they can better capture 

the sound field [34, 39]. However, in some other crucial problems such as noise reduction 

or source separation, the geometry of the array may have little (or no) importance 

depending on the algorithm. 

 

Many array geometries have been suggested in past works [57], from linear to rectangular 

to circular; and similarly, many microphone spacing schemes have been suggested, from 

uniform to logarithmic. Different applications require different geometries in order to 

achieve optimum performance. In general, the disposition patterns of microphone array 

can be divided into linear array, planar array and three-dimensional array. Linear arrays 

are usually applied in medical ultrasonography, planar arrays are often used in sound 

source localization, and three dimensional spherical arrays are most frequently used in 

sophisticated SONAR applications. The size of an array is usually determined by what 

frequency the array will operate and what kind of spatial resolution the application using 

the acoustic array requires [31]. 
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As mentioned in Chapter 3.7, the narrowband beamformer suffers from spatial aliasing at 

high frequencies. Spatial aliasing happens if a sensor spacing is wider than half of the 

signal wavelength. It is analogous to temporal aliasing in discrete-time signal processing. 

This leads to the condition that the spacing between any pair of microphones in the array 

should not exceed half of the smallest wavelength present in the signal. Spatial aliasing 

can also be avoided when the array geometry is totally non-redundant, that is, no 

difference vector between any two sensor positions is repeated [20]. For non-redundant 

arrays, which typically have an irregular or random geometry, the sidelobes causing 

ghost-images are suppressed. In general, irregular arrays outperform regular array 

designs, but it is difficult to find out how the design should be modified to obtain the best 

performance. Therefore, regular geometries where sensors are evenly spaced are 

preferred in order to simplify the algorithm development. 

 

The performance of a microphone array typically increases linearly with the size of the 

array. This is well established in the theoretical literature on microphone arrays [31, 57]. 

The number of microphones is a compromise between the size of the board, the 

electronics needed to deal with the massive amount of data, and the need to achieve a 

relatively high SNR. Figure 10 gives the approximate peak SNRs and the recognition 

accuracies from the LOUD microphone array [31, 76], displaying the trend of 

improvement as the number of microphones is increased. The most drastic jump in the 

recognition accuracy curve can be seen when the number of microphones goes from 32 to 

60, and after this point, adding more microphones does not make the curve increase 

faster. 
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Figure 10   Experimental results from the LOUD microphone array [31, 76]: peak SNRs for one 

representative recording (left), and experimental recognition accuracies (right). 

 

While many geometrical configurations of the array are possible and potentially 

desirable, our microphone array (pictured in Figure 14) consists of 64 elements, and is 

laid out in a rectangular grid pattern, with 8 columns and 8 rows. This allows us to steer 

the amplification beam horizontally as well as vertically. The schematic diagram of the 

layout is shown in Figure 8. In order to avoid spatial aliasing and have a good acoustic 

aperture, the inter-microphone distance is determined to be 2.3 cm center to center, and is 

maintained in both the horizontal and vertical directions. This decision was due both to 

practicality reasons, as well as preliminary experiments with various spacings. The 2.3 

cm spacing is approximated by dividing the sound speed by the highest signal frequency 

and then dividing the result by two in order to satisfy the Nyquist-Shannon sampling 

theorem. This spacing makes it possible to obtain relevant phase information of incoming 

acoustic sound waves, increasing the array sensitivity and allowing spatial sampling of 

frequencies up to 7400 Hz without aliasing. 
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4.1.3 Data Acquisition System 

A data acquisition system is necessary to condition, process, store and display the signals 

received by the array. Data acquisition for an acoustic array can be very challenging, but 

most of the issues are co-related with the type of sensors, number of sensors and array 

geometry. Also, the application plays an important role in defining the needs of the array 

for signal processing or real-time operation requirements. 

 

Figure 11   Functional block diagram of the PMC66-16AI64SSA data acquisition board. 

 

To sample all the 64 microphone outputs simultaneously, we used the PMC66-

16AI64SSA board from General Standards [67] for the data acquisition. This analog 

input board is a single-width PCI mezzanine card (PMC) that samples and digitizes 64 

single-ended input channels simultaneously at rates up to 200,000 samples per second for 

each channel. It contains a dedicated 16-Bit sampling ADC for each input channel, and a 
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512K-Sample FIFO data buffer. As illustrated in Figure 11, serial data from each ADC is 

deserialized and multiplexed into a parallel data stream within the local controller. The 

output of the data multiplexer passes through a digital processor which applies gain and 

offset correction values obtained during auto-calibration. The corrected 16-bit data is 

formatted as offset binary, and then loaded into the FIFO data buffer. Finally, all the data 

is fed to the PCI bus through the interface adapter, and saved as a binary file in the host 

computer. 

 

4.2 Software Design 

In order to utilize the microphone array to selectively amplify sound coming from a 

particular direction, we applied a delay-and-sum beamforming (DSBF) algorithm as part 

of the processing software. Figure 12 shows the algorithms developed for our acoustic 

imaging system. These fall into four general areas: 

 Importing the data, 

 Constructing the delay-and-sum beamformer, 

 Aiming the array and performing the beamforming, 

 Filtering the results and generating the image. 

 

The DSBF algorithm being used for this system was implemented in MATLAB [68]. The 

audio signal collected at each microphone in the array was streamed into the PMC input 

port. After the data acquisition, all of the signal data was saved as 16-bit offset binary, 

with a tag attached to all channel-00 data from the board. In order to import this data into 

MATLAB, we created a data logger which could locate every channel of data for each 
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time frame, transform the lower 16 bits into decimal, and store the reorganized data in a 

matrix with 64 columns, where each column represents the received signal at one of the 

array elements. 

 

Figure 12   Block diagram of algorithms for our acoustic imaging microphone-array system. 
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Figure 13   Azimuth and elevation angle with respect to the uniform rectangular array. 

 

To perform the beamforming, we first defined a uniform rectangular array (URA) system 

object that stored the geometric information of the microphone array (such as size and 

element spacing). According to the array geometry, signal operating frequency and 

propagation speed, we then constructed the delay-and-sum beamformer and aimed it by 

appropriately delaying, attenuating, and adding the signals from each microphone so that 

they were in phase for one or more specific spatial locations. For applications such as 

speech enhancement, the location of the sound source needs to be known beforehand, in 

order to decide the look direction (input angle) of the beamformer. Since our microphone 

array is designed for the purpose of imaging, we are more interested in estimating the 

sound field at any point in front of the array, not just obtaining specific positions. Thus 

we need to utilize the beamformer to steer and scan the entire region in front of the array, 

which means the input angle needs to cover all 180 degrees in both azimuth (Az) and 
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elevation (El). The relationship between the two angles is illustrated in Figure 13. To 

achieve such purpose, we updated the input angle every time after the beamforming 

operation was performed so that it could scan the region from -90 degree to 90 degree in 

azimuth and elevation. In addition, we also performed a fast Fourier transform (FFT) on 

the beamformed signal so as to bandpass filter the result to further reduce the low-

frequency noise, and extract the signal containing the frequency of the sound source to 

acquire its relative intensity level. Finally, with these signal intensities at every direction 

in front of the array, we were able to generate the acoustic image and reconstruct the 

sound field. 

 

4.3 System Implementation 

The body of the microphone array was 3D printed using currently available 3D printing 

technology. This allowed all the 64 microphones to be accurately positioned, maintaining 

a spacing of 2.3 cm in both the vertical and horizontal directions (Figure 14). For the best 

performance, all the microphones were powered from a 3.3V and 0.014A DC power 

supply, and all the output pins were connected to the PMC data acquisition board through 

a Mini D Ribbon (MDR) cable. After the audio data was transferred to the PCI bus, a 

computer connected to the PMC board was capable of retrieving the data using the 

16AI64SSA driver application program interface (API) software. This software also 

contained an auto-calibration function that calibrated all analog input channels to a single 

internal voltage reference in order to obtain maximum measurement accuracy. 
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The system presented in this work was set to work at 50k samples/second which was well 

above the Nyquist rate to avoid aliasing. The data collection time was 1 second for all of 

the 64 channels. Once the sampling rate and time were set, the system went into data 

acquisition mode, where the boards were continuously sending data to the computer and 

the computer piped this data to a binary file on the hard disk. After the collection, we 

used the data logger to import this file so that we could visualize the raw data on the 

screen, and further process and analyze the data with the algorithms we developed for the 

system. 

 

 

Figure 14   A photograph of the 64-node microphone array system. 

 

Before conducting any experiment, it is necessary to calibrate the system. By adjusting 

the small trimmer pot on the back of each microphone module, we were able to calibrate 

the individual gain of each channel on the microphone array so that it could respond 

homogeneously when excited. 
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A particularly interesting use of this array is to steer it to various directions and create an 

intensity map of the acoustic power in various frequency bands via beamforming. The 

resulting image, as it is linked with direction, can be used to identify sound sources and 

relate them with physical objects in the world. We will discuss these applications in more 

details in Chapter 5 and 6. 

 

4.4 Cost 

Large microphone array setups are often too costly to design and deploy, such as those 

for small meeting spaces and auditoriums. In this work we set out to design a system that 

is relative inexpensive to build, install and maintain. The microphone modules we 

selected cost around $400 in total, and the price for the 3D prints is about $30. Depending 

on the applications, the cost for the data acquisition system may vary. The PMC board we 

used was a sample board requested from the General Standards Corporation which costs 

around $200. Given the aperture of our array (approximately 19×19 cm), we can 

calculate the cost-per-unit-area, which is $630/361 cm2 = $1.745 sq cm, as our cost 

metric. Compared to commercial microphone array products and other research projects 

with relatively the same array size (whose cost-per-unit-area is usually above $5 sq cm), 

our system costs roughly 65% less to build and deploy. 

 

  



 55 

5    Chapter: Experiments and Results 

 

5.1 Testing Environment 

The experiment was carried out in a laboratory room with various random objects around, 

resulting in a noisy and highly reflective environment (as shown in Figure 15). The main 

noise sources were several cooling fans for computers and a loud air conditioner. All of 

the experiments were conducted under the same noise conditions. We did not setup any 

extra noise sources during the experiments. The room temperature was approximately 18 

˚C during the test sessions, from which we were able to estimate the speed of sound to be 

342 m/s using equation (1). 

 

 

Figure 15   Testing environment for the microphone array beamforming system. 
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Figure 16   Beam patterns of rectangular arrays with different geometries: (a) 1 by 2, (b) 2 by 2, (c) 3 

by 3, (d) 4 by 4, (e) 5 by 5, (f) 6 by 6, (g) 7 by 7, (h) 8 by 8. 

 

5.2 Array Beam Pattern 

As discussed in Chapter 3.6, once the array geometry is fixed and the desired steering 

direction is determined, the characteristics of the beam pattern of a DS beamformer, 

including the beamwidth, the amplitude of the sidelobes, and the positions of the nulls, 

would be fixed. We plot the beam patterns for microphone arrays with various geometries 

in Figure 16 when they are steered at 0 Az and 0 El. The sensor spacing is 2.3 cm, and 

the signal frequency is 7 kHz. As can be seen, with the increase of the array size, the 

beam pattern will have a narrower mainlobe which can provide more interference 

reduction. The number of lower sidelobes will also increase to bring more noise 

suppression. Figure 17 gives the array gains in dB for a look direction of 0 Az and 0 El, 
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displaying the trend of improvement as the number of microphones is increased. The 

array gain improves from 3.0 dB with two microphones to 18.1 dB with 64 microphones, 

which indicates a massive enhancement in SNR between the array output and each 

individual channel input. This result clearly demonstrates that having a large array size 

will significantly improve the quality of the beamformed signal. 

 

 

Figure 17   Array gains as the number of microphones is increased. The look direction is at 0 Az and 

0 El. 

 

5.3 Beamforming 

A preliminary experiment was carried out to examine the effect of the DS beamformer. 

We used the microphone array to record a 5 kHz tone played in front of the array for 1 

second in order to acquire sufficient signal samples. The recordings were sampled at 25 

kHz, and then processed by the DSBF algorithm. A comparison between the raw data 

collected at one of the 64 channels (channel 35) and the overall beamformed signal is 
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shown in Figure 18 (left). The look direction of the beamformer was set to be -5 degrees 

in azimuth and 20 degrees in elevation. It can be seen from the result that after 

beamforming, the signal has produced a significant improvement over the raw data in 

terms of noise suppression, and has become a better approximation of the original 5 kHz 

sinusoidal signal. Furthermore, we also compare the frequency spectrum of the two 

signals in Figure 18 (right). In the spectrum of the channel 35 signal, we see that the low-

frequency noise, especially at 64 Hz (1.64E+05) and 124 Hz (3.11E+05), constitutes a 

large portion of the signal power, which makes the 5 kHz source signal (2.46E+05) 

relatively weak. After beamforming, this 5 kHz component has been increased to 

4.12E+05, which becomes much stronger compared to the noise, while the noise power at 

64 Hz (1.09E+05) and 124 Hz (1.59E+05) has been significantly reduced along with 

other low-frequency components. 

 

 

Figure 18   Comparison of the collected signal before and after beamforming (left), and their 

corresponding spectrums (right). 
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5.4 Source Localization and Separation 

5.4.1 Sound Source Localization 

To demonstrate its performance for source localization and separation, we have 

conducted several experiments with the 64-node array system. The localization 

experiments involved recording a moving sound source in a room where reverberation 

and several sources of noise were present. A wooden board with an 8×8 grid in the 

middle was placed 30 cm in front of the array (Figure 21). Each cell in the grid was 2.3 

cm by 2.3 cm in order to match the spacing of the array. A speaker, 30 mm in diameter, 

producing continuous sinusoidal waves of 5 kHz was placed in one of the cells on the 

wooden board. This ensured that the speaker could be accurately positioned at every 

direction in front of the rectangular array. To prevent external noise from the computer 

cooling fan, sound-absorbing material was packed behind the testing area. The 

experiment setup is shown in Figure 19 top. The speaker was moved between every cell 

in the grid while the tone was recorded by the microphone array. Each recording was 1 

second long and was sampled at 50 kHz. With the data collected at each 64 microphones, 

we were able to measure the relative sound pressure level at every direction in front of 

the array and visualize the intensity distribution of the sound field in order to localize the 

source signal. 
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Figure 19   Setups for sound localization at 64 positions (top) and the corresponding results (bottom). 
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Figure 19 bottom displays the results of the sound source localization at 64 different 

positions. The source is here imaged using the relative sound intensity measured at each 

direction in front of the array, while its corresponding real position in the grid is 

illustrated on the top side of the figure. From each of the intensity map, we can clearly 

identify the location information of the sound source. It is also important to point out that 

for this experiment the camera image was not calibrated with the array output and 

therefore, the results shown in Figure 19 are not absolute but relative. Nevertheless, it is 

possible to observe that even with this un-calibrated localization, important information 

about the sound intensity distribution can still be obtained by our microphone array 

system. 

 

To calculate the position errors, we measured the coordinate of the peak value from each 

of the sound intensity map, and used this information as the estimated source location. By 

calculating the distances between the coordinates at the four corners, and mapping these 

distances onto an 8 by 8 grid with a spacing of 5 degrees (or 2.3 cm), we were able to 

convert the coordinates acquired from Figure 19 bottom to the same local coordinate 

system used by the real positions of the sound source. Compared to their real locations, 

the mean error of the estimated positions is 1.1 degrees (or 0.49 cm) with a maximum 

error of 3.1 degrees (or 1.44 cm). This demonstrates that our microphone array system 

has the capability of accurately estimating the location of the sound source. 
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5.4.2 Sound Source Separation 

Another case study to demonstrate the array system’s performance is illustrated by Figure 

20. In this experiment, the sound sources were two omnidirectional speakers (3.2 cm in 

diameter) emitting a single tone of 5 kHz at the same time and located 40 cm away from 

the microphone array. The spacing between the two sound sources was set to be 6.3 cm in 

the beginning, and then increased by 2 cm after each recording. Similar to source 

localization, all 64 channels of audio signals were sampled at 50 kHz for 1 second, and 

then processed by the DS beamformer in order to measure the sound intensities at every 

direction in front of the array. The results can be seen in Figure 20. Notice that the 

camera was not aligned with the array during experiment, thus can only provide relative 

location information. 

 

 

Figure 20   Separation of two source signals whose spacing ranges from 6.3 cm to 36.3 cm. 

 

As shown in the obtained intensity maps, with the increase of the distance between the 

two speakers, the image of the sources becomes wider, and after a certain point 
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(approximately 24 cm in this case), it begins to separate into two, and eventually we are 

able to identify the presence of the two sound sources. Using similar approach described 

in source localization, a mean separation error of 13.1 degrees (or 1.31 cm) was obtained 

for this experiment. This was based on the comparison of the estimated and real 

coordinates after the two separated signals were observed (Figure 20 bottom). We will 

discuss these results, along with this “separation distance” in further details in the next 

chapter. 

 

5.5 Imaging of Different Materials 

To generate the acoustic images and test the frequency responses of different materials, 

we illuminated the object to be analyzed by a single sound source standing at a fixed 

position near the array. By this, we were able to image the scene by processing the back-

scattered reflections from the object and analyze its acoustic response for a range of 

frequencies. In Figure 22, we can see the reconstructed images based on the DSBF 

algorithm. 

 

For this experiment, we used the same setup of the sound localization (Figure 21). The 

distance between the array and the object was 30 cm, and all the testing materials were 

located within the 8×8 grid on the wooden board, which made an imaging area of 30 cm 

L × 20 cm W × 20 cm H. The speaker was located in line with the surface of the array, 

and 5 cm to its left edge, and facing roughly 28 degree towards its right side in order to 

transmit a signal that can be reflected from the imaging area. The sound source signal 



 64 

used was a continuous sinusoidal wave of frequencies from 1 kHz to 7 kHz, generated by 

the arbitrary waveforms in MATLAB. The output power of the speaker was 200 mW. 

 

 

Figure 21   Setup for the imaging experiment. The speaker was located 5 cm to the left edge of the 

array, and the object was 30 cm in front of the array. 

 

We chose wood, cardboard, metal, plastic, cloth, and rubber for testing materials as they 

were most commonly seen in our everyday lives. We also tested the imaging system with 

a human’s hand in order to analyze its performance for objects with sophisticated 

textures. Each material was imaged using a range of frequencies from 1 kHz to 7 kHz, 

with a 0.5 kHz interval. As discussed in the previous chapters, to avoid spatial aliasing, 

the maximum frequency for the transmitted signal should not be higher than 7391.3 Hz 

for a sensor spacing of 2.3 cm. Thus, in our system, it was set to 7000 Hz. The reflected 
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signals from the tested object were received by the 64-node array, and then processed by 

the DSBF algorithm. The image was generated using the same procedure described in 

sound localization. 

 

The imaged results of the 7 materials under different frequencies are shown in Figure 22. 

The same wooden board (48 cm × 41.5 cm) with 8×8 grid were used for both testing 

object and calibration. We first recorded the reflected signals from this wooden board, 

and obtained its sound images. By comparing these images with the results of the sound 

localization experiment (see Figure 19), we were able to relatively locate where the 

source signal were reflected from in the grid. All the other materials with smaller size 

were then glued over this specific area in the grid. This allowed us to calibrate the 

positions between the object and the sound source so that the signals received by the 

array were the direct reflections from the object itself. 

 

From the results, we see that generally all testing materials have similar visual response 

patterns with the increase of the frequency. For frequencies above 3 kHz, we can clearly 

identify the location of the main peak which represents the direct reflection from the 

object. However, under low frequencies (1 kHz to 3 kHz), the main peak location is not 

fixed, and thus this value cannot be used as the reflection power from the object.  

Furthermore, we can observe that under some certain frequencies (such as 4 kHz, 5.5 

kHz, and 6 kHz), the acoustic responses from human skin are relatively different 

compared to other materials. Additionally, the responses from cardboard at 4 kHz, 5 kHz, 

and 7 kHz are also visually distinctive. Although all the other materials may have similar 
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response patterns, we cannot compare their corresponding response powers here, as the 

scales of the color map for each image are not unified. Therefore, the same colors across 

different images do not represent the same value. 

 

To further analyze the acoustic responses between different materials, we have plotted 

the frequency response curves of these materials in Figure 23, according to their relative 

signal intensities at the reflection area. As stated above, for frequencies above 3 kHz, the 

peak value in the image is the response power from the object, while for frequencies 

between 1 kHz to 3 kHz, we need to first locate the relative reflection area in its acoustic 

image by utilizing the object location information we acquired during the calibration 

process, and then measure the signal intensity level in the middle of this area as the 

estimation of the object’s response power. As the plot shows, for each material, the 

reflection power varies significantly between different frequencies, and for each testing 

frequency, the textures between different objects will affect their response powers. With 

the increase of the frequency, there is a downward trend in general after 3500 Hz. While 

several materials have similar response curves, human skin and cardboard demonstrate a 

rather different responses, especially within some certain frequency ranges. Their 

acoustic responses are relatively weak from 3.5 kHz to 6.5 kHz. This is likely due to their 

rough textures, and we will discuss more about these results in Chapter 6. 
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Figure 22   Reconstructed acoustic images of 7 different materials using a range of frequencies. 
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Figure 23   Frequency response curves of 7 different materials. 
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6    Chapter: Discussion 

 

6.1 Performance of Source Localization and Separation 

6.1.1 Localization Performance 

From the results illustrated in Figure 19 and Figure 20, we demonstrate that our 

microphone array system is capable of estimating the location of sound sources and 

separating signals coming from different directions. Unlike traditional localization and 

separation techniques, which usually involve using a camera to track the sound sources in 

order to determine the look direction of the array, our system does not require any prior 

knowledge of the source locations, nor any particular information regarding to the source 

of noise. A mean position error of 1.1 degrees (or 0.49 cm) in the acoustic maps was 

obtained. This localization difference is less than 1/6th the diameter of the speaker (3 cm) 

and less than 1/4th the spacing of the acoustic map grid (5 degrees), which indicates the 

high accuracy of our microphone array system in localizing the sound source. 

 

All the data was recorded in the presence of noise and reverberation, therefore it is likely 

that the reflected signals from other objects will also be captured and imaged by the array 

system. As can be seen in the first row of the localization results, except for the source 

image, the reflections from the table also appear. Although utilizing the delay-and-sum 

beamformer will attenuate this interference, it is still rather difficult to be eliminated, 

especially in everyday surroundings such as our testing environment. Nevertheless, this 

multipath issue does not affect the overall image quality of the sound source, which 
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shows the robustness and effectiveness of our system in sound localization. However, it 

is difficult to further determine how different noise conditions would affect the results of 

our experiments, since we did not setup different types of noise as comparison, and our 

noise sources were merely low-frequency environmental noise from computer cooling 

fans and an air conditioner. A formal experiment would be required in the future to verify 

such effect. 

 

As stated in section 5.4.1, the camera images presented in the results were not calibrated 

with the generated intensity maps. This is due to the fact that the algorithms we used are 

data-driven, which means it does not require the prior location information from a 

camera. The results show that we can still obtain relatively accurate sound source 

positions. With the source coordinates located on the edge, we are able to measure the 

average angular detection range of our array at 30 cm, which is from -30 to 25 degree in 

azimuth, and 25 to -25 degree in elevation. This information is crucial to applications 

such as range detection and navigation. However, as the localization experiment was only 

conducted in a 2D plane, we did not acquire any information regarding to the depth of the 

sound source. This information can be measured based on the intensity level of the 

imaged source signal, since the signal intensity would generally decrease with the 

increase of its distance to the array. Future experiments would be needed to further 

examine their relationships. 
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6.1.2 Separation Performance 

Similar to localization, sound source separation with our system does not need prior 

information on the locations of the source signals. Our results give an average error of 

13.1 degrees (or 1.31 cm) for the separation accuracy, which is comparable to the 

increased distance between the two speakers for each recording (2 cm). This error was 

calculated after the two source signals became identifiable in the acoustic image, since 

the system could not separate the sound sources when their distance was too close. 

 

As shown in Figure 20, we notice that the two source signals are mixed in the resulting 

image when the spacing between the speakers is less than 24 cm, and after this distance, 

the separated source images are becoming identifiable, allowing us to locate their relative 

positions. This “separation distance” is possibly related to the beamwidth of the mainlobe 

in the array’s beam pattern. The source frequency used for this experiment was 5 kHz, 

and as discussed in Chapter 3.6, the mainlobe width is a function of the sensor number, 

sensor spacing, and signal frequency. When the number of sensors and the spacing of 

sensors are fixed, it will only decrease with the increase of the signal frequency, which 

means higher frequency will make a sharper mainlobe. To illustrate this, we plot the 

beam patterns of our array when the frequency is increased from 1 kHz to 7 kHz in 

Figure 24. When the spacing of the sound sources is less than (or comparable to) the 

beamwidth of the mainlobe, the beamformer cannot separate them from each other. To 

reduce the separation distance, we need a sharper mainlobe, and thus, a higher frequency. 

However, this will also introduce the problem of spatial aliasing. In the future we will 
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address this issue by incorporating blind source separation techniques such as 

independent component analysis [77]. 

 

 

Figure 24   Beam patterns with the increase of the frequency from 1 kHz to 7 kHz. The look direction 

of the array is at 0 Az, 0 El. 

 

6.1.3 Image Resolution 

The resolution of the reconstructed images depends on two main factors. First, as 

discussed in the above section, the mainlobe width determines the accuracy of the source 

localization and separation. A narrower mainlobe will produce a sharper source image in 

the generated intensity map. Second, the reconstructed sound image is created by steering 

the beamformer along a set of 1369 directions (a 37×37 grid in azimuth and elevation), 

and quantizing the steered response power according to a color map. Therefore, by 

reducing the scan interval (currently it is 5 degrees between each direction), we are able 

to obtain a higher spatial resolution. However, this will also increase the system’s overall 

computational power and time, which would become impractical for real-time 

applications. 
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6.2 Acoustic Response of Different Materials 

Our experiments concentrated on testing the frequency response of typical objects as a 

basis for the navigation system of a mobile robot. For these tests, we chose seven targets: 

wood, cardboard, metal, plastic, cloth, rubber, and human hand. These targets have 

different textures, therefore, they were used to examine the system’s ability to distinguish 

the target and assess its response. 

 

The obtained acoustic images of all seven materials are shown in Figure 22. While the 

main peaks from frequencies above 3 kHz are clearly the direct reflection from the 

objects themselves, we can also see echoes from the bottom edges (such as those in 4.5 

kHz, 5 kHz, and 5.5 kHz). These echoes do not belong to the objects, but are attenuated 

echoes from the wooden board, as they have relatively the same power intensities 

compared to the ones from the wood. We have calibrated the position of the object in 

order to guarantee the direct reflections are always on the analyzed target. 

 

However, in the low frequency range (1 kHz to 3 kHz), the signal from the sound source 

overlaps with the direct reflection, and thus the main peak no longer represents the 

response power of the object. This is possibly due to the fact that the beamwidth of the 

mainlobe in low frequencies is relatively wide (see Figure 24), as a result, the array does 

not possess the precision sufficient to distinguish the reflected signals from its source. To 

solve this issue, we need to utilize the location information we acquired during the 

calibration process (see section 5.5), and find out the relative reflection areas in order to 

measure the signal intensity from the target. Another issue with low-frequency sound 
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source is that its wavelength is relatively long. For example, at 1 kHz, the wavelength is 

about 34.2 cm, which is larger than the size of the testing object. This will cause 

diffraction, which means the sound wave will no longer be reflected from the surface of 

the material. Even if we can measure the signal power based on the localized reflection 

area, this value does not necessarily represent the real response power from the object, 

which makes the results in low frequencies (especially from 1 kHz to 2 kHz) relatively 

inaccurate. 

 

The acquired frequency response curves of all seven materials are shown in Figure 23. 

The curves between 1 kHz and 2 kHz are plotted in dot line because they may not be 

accurate. It can be seen that each material has its unique response with the increase of the 

frequency. Overall, wood, metal, plastic, cloth, and rubber have good sound reflecting 

properties, while the signal power from cardboard and human skin is relatively weak 

from 3.5 kHz to 6.5 kHz. This is likely due to the complex texture of the human skin (and 

cardboard), which scatters or absorbs most of the energy so that the detected echo 

represents only a small portion of the original signal. The result indicates that generally 

different textures will have different acoustic response powers. Our system can detect the 

difference between textures based on their unique response powers at certain frequency. 

More specifically, from 3.7 kHz to 4.3 kHz, and 5 kHz to 6 kHz, the response powers of 

human skin and cardboard present a significant difference compared to other materials. 

Such differences can also be observed in Figure 22 at 4 kHz, 5 kHz and 5.5 kHz, where 

the sound images generated from the human skin and cardboard can be clearly 

distinguished from other materials. 
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The object classes that can be present in the scene vary greatly and are difficult to model 

by only a certain amount of sample materials, because the representation of the direct 

reflection depends on both the relative position of the object to the array as well as the 

angle from which the excitation signal is emitted into the scene. The response of the 

reflected echo should depend on both the texture and shape of the reflecting surface and 

its orientation relative to the array. However, our experiments only examined the effect of 

the texture. As we see from Figure 22, all testing materials are not in the same size. While 

wood, cardboard, and cloth have larger size, metal, plastic, rubber, and human hand are 

relatively small. Despite the fact that the size of the object varies, we still acquired 

similar acoustic responses as the frequency is increased. A possible explanation would be 

that since we are using audible sound, its wavelength is still relatively long even at higher 

frequencies (such as 7 kHz), which makes it harder to be reflected from the edge of the 

material. Therefore we can only observe its peak reflection from the center of the object. 

Although there exist some distinct acoustic phenomena from rough surfaces (cardboard 

and human skin) at certain frequencies, we cannot exclude the factor of the object’s 

shape, especially for the human hand, since it has a more complex 3D shape, and this 

may have more influence on its response pattern. Of course, more experiments would be 

needed in the future in order to evaluate the effect of the object’s shape. 

 

6.3 Summary 

In this work, we focused on the design of the system, and did not implement 

sophisticated beamforming algorithms or other signal processing software components. 
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However, even with the simplest beamformer possible, we were able to obtain relatively 

accurate results of sound source localization and separation, as well as detect the 

differences between textures based on their acoustic responses presented in the frequency 

response curves and signal intensity maps. 

 

Comparison with past work is difficult for several reasons. One reason is differences in 

experimental conditions. Our data were collected in a very noisy and reverberant 

environment, likely noisier than most of the recently-published results. For example, 

Legg and Bradley [39] obtained a mean position difference of 0.66 cm for sound source 

localization in an anechoic chamber, using a 72-element spherical microphone array 

combined with a digital camera, while our work achieved a mean position error of 1.1 

degrees (0.49 cm) in a laboratory room. Another reason is due to the different array 

geometries presented in other works which will have a strong impact on the results. For 

instance, Pei et al. [6] reported an average localization error of 25 cm along the horizontal 

axis and 53 cm error along the vertical axis, using a small-scale linear microphone array. 

Our results have obtained a significant improvement with a 64-node rectangular array, 

which demonstrates the benefits of having a larger array size. Finally, most recently-

published results of object detection experiments were based on ultrasound, which has a 

much higher frequency (and thus accuracy) compared to ours. For example, Moebus and 

Zoubir [11] compared the differences between reflections from a polyvinyl chloride 

(PVC) pole with a smooth surface and a rough surface covered with bubble wrap, using a 

20-by-20 rectangular array and 50 kHz ultrasound. Their experiments showed a strong 

reflection from a small fraction of the smooth surface, and a weak reflection from the 
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whole object with rough surface. Similar to their results, our work can also detect the 

differences between smooth and rough textures, with audible sound and a smaller array. 

 

6.4 Potential Application for Mobile Robot Navigation 

Real world applications for mobile robot navigation demand very detailed sensor 

information to provide the robot with good environment-interaction capabilities [79]. 

Vision-based sensors can provide the robot with a significant amount of information 

about its surroundings, and thus are potentially the most powerful source of information 

among all other sensors used on robots. At present, high resolution optical sensors are 

most widely adopted for mobile robot positioning and navigation [84]. Such sensors are 

capable of capturing image features that match the landmarks or maps of the 

environment. 

 

In order to navigate in an environment, a robot needs to use its sensors to create a map (or 

representation) of the local environment. This local map is then compared to the global 

map previously stored in memory. If a match is found then the robot can compute its 

actual position and orientation in the environment. The pre-stored map can be a 

computer-aided drafting (CAD) model of the environment, or it can be constructed from 

prior sensor data. 

 

Within this context, our microphone array imaging system can prove useful for robot 

navigation, and further, object detection. For example, based on the unique response 

patterns between smooth and rough textures presented in the reconstructed acoustic maps 
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at certain frequencies, we can create a pre-stored map as the representation of typical 

object such as wooden door (smooth texture) or cardboard box (rough texture). If the 

array system detects a response that matches this map, the robot will interpret it as 

detecting this object, and will respond according to the programmed commands. 

Furthermore, with the frequency response curves acquired, we could quantify the 

response of different objects at certain frequency. This information can then be utilized to 

generate an updated map of the environment, which allows a robot to learn about a new 

environment and to improve positioning accuracy through exploration. 

 

In comparison with optical and ultrasonic based navigation systems, our microphone 

array system has the potential to provide a simple and cheap sensor alternative for mobile 

robot navigation, which may allow for relatively precise localization as well as object 

detection. However, due to the scope of this thesis and time limitation, we did not 

actually implement our microphone array system in a mobile robot in order to evaluate its 

performance for real navigation and object detection tasks. This capability will be 

examined in the future, with more experiments. 
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7    Chapter: Conclusions 

 

7.1 Summary of Findings 

In this thesis, we have examined the design, implementation, and evaluation of a 64-node 

microphone array system that is capable of achieving acoustic imaging. We have outlined 

the design procedure of the array hardware and software architecture, and our utilization 

of the delay-and-sum beamforming algorithm for processing the data and generating the 

acoustic image. In addition, we have evaluated the performance of our array system in 

sound source localization and separation, and also tested its ability to image and detect 

seven different materials using audible sound. 

 

Our microphone array system is able to locate the sound source with an average error of 

1.1 degrees. It can also separate sound sources when their spacing is larger than the 

mainlobe width of the array, with a mean error of 13.1 degrees. Both experiments were 

conducted in the presence of noise and reverberation, which proves our system’s 

robustness for real world applications. 

 

We have presented the acoustic images of seven different materials as well as their 

frequency response curves from 1 kHz to 7 kHz. The reconstructed images generally 

show a similar visual response pattern with the increase of frequency, while a relatively 

distinct response can be observed from human skin and cardboard at certain frequency. 

Furthermore, from the frequency response curves, we are able to acquire the reflection 
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power of different materials from 2 kHz to 7 kHz, which can then be utilized to 

distinguish the objects. Our results show that generally materials with smooth texture 

have a strong response power, and those with rough texture have a relatively weak 

response. These unique responses will help to build the representation of different objects 

in the environment, which can be useful for mobile robot navigation such as object 

detection and recognition. 

 

Through these experiments, we have demonstrated that our microphone array system has 

the capability of reconstructing the acoustic scene with audible sound in order to provide 

the location information of the sources as well as the acoustic responses of different 

targets. We can conclude that our system is a cheap, low-power alternative technology 

for acoustic imaging. 

 

7.2 Limitations and Future Work 

Currently, the delay-and-sum beamforming algorithm has to be operated off-line due to 

the expensive cost in the computation of the spatial power spectrum of the acoustic scene, 

which was computed by steering the array at many directions, and performing the 

beamforming for each direction. Due to current host interface constraints, it was not 

practical to record the output of all 64 microphones and process the data in real-time. 

However, this capability can be achieved in the future, using custom-built hardware 

architecture such as the FPGA platform. 
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In addition, in order to evaluate the quantitative performance of the array further, we will 

combine our system with depth-sensing cameras so that we can map the obtained 

acoustic images onto a 3D scene of the environment. This will allow us to calculate the 

positioning errors more accurately, as well as compare the acoustic response of the object 

with its real-world entity in more detail. 

 

Another important aspect that we plan to consider in the future is integrating our imaging 

array system with map matching algorithms in order to examine its efficacy in utilizing 

the acoustic responses from different textures to detect the presence of their 

corresponding objects. We also plan to collect more reflection patterns from more 

different textures with various sizes so that we can create a diversified database for such 

map-based navigation system. Additionally, since the sound source itself (such as its 

power, its distance and orientation relative to the array) and also the shape of the object 

may affect the reflections, we hope to explore these factors and understand their effects 

on the acoustic responses. 

 

Finally, while we have shown that the delay-and-sum beamforming algorithm presented 

in this thesis is capable of generating acoustic images in noisy and reverberant 

environments, its performance in other applications has yet to be fully explored. 

Therefore, we will consider applying our microphone array system to other domains such 

as speech enhancement and gesture sensing. 
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