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Abstract 

Performing search and retrieval operations with massive amounts of visual and 

environmental sensor information is problematic in time sensitive and mission critical situations, 

such as emergency management and disaster response. Distinct sensor readings can be fused to 

create a compact multimodal representation of a location. Efficient search and retrieval would 

allow a system to scale to process larger amounts of information. Content Based Image Retrieval 

(CBIR) systems inherently rely on the search and retrieve operations to support timely and accurate 

responses. However, there is currently no adequate software framework for multimodal CBIR to 

support situational awareness in dynamic and sensor rich environments. In this thesis, an extensible 

framework for CBIR is proposed to support an understanding of a sensor rich environment through 

the automated search and retrieval of relevant images and the context of their capture. This 

constitutes assisted CBIR as embodied in the proposed framework for multi-sensor assisted CBIR 

system (MSACS). The framework of MSACS is proposed with a software design document and 

partially prototyped to implement the core CBIR system using the state of the art Bag of Visual 

Words paradigm. The system is evaluated using functional analysis against existing CBIR systems, 

prototype system, and a notional localization application. The extensibility of the framework 

allows a standalone application to interface with it. A localization application is created as a proof-

of-concept to provide a result in latitude and longitude in relation to known sensors. Assisted CBIR 

could lead to increased confidence in autonomous systems and support vision-based understanding 

of an environment to execute tractable search and retrieve operations in a timely manner. 
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A SOFTWARE FRAMEWORK FOR IMAGE RETRIEVAL AND VISUAL 
UNDERSTANDING IN DYNAMIC AND SENSOR RICH ENVIRONMENTS 

I. Introduction 

To operate within the modern battlespace, the need for good situational awareness is 

desired, but massive amounts of visual and sensor data threaten to overload manual and automated 

processes to use them effectively. To answer to this problem, warfighters need better tools for 

finding relevant data, especially for imagery, where information processing demands are 

particularly high. If modern methods for image retrieval are adapted to the modern battlespace, 

timely and relevant queries may provide quality situational awareness to decision makers.  

Image retrieval is an open problem in the realm of computer vision and deals with 

techniques, methods, and implementations of timely and precise search results. One method of 

image retrieval utilizes a content based image retrieval (CBIR) system. A CBIR system returns a 

set of ranked digital images to a user, based on a query. The query can be combinations of an 

image and any other form of data which are accepted by the CBIR system. The system can be used 

to parse, query, filter and catalog large amounts of images or video to feed computer vision 

applications, bridging the gap between human and computer understanding of dynamic 

environments.  

A high level depiction of CBIR is shown in Figure 1. A robust CBIR system would enable 

vision-based understanding of an environment to ease the burdens of information overload and 

increase human confidence in autonomous systems. A robust CBIR system should perform search  
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Figure 1. High Level CBIR System Flow 

and retrieval operations in a tractable amount to time to maintain usefulness. Feature extraction 

and comparison can be automated while results reporting would require a user for final 

decisions. 

1.1. Motivation 

The Department of Defense (DoD) makes tactical decisions from images and video data 

obtained from intelligence, surveillance, and reconnaissance (ISR) sources. This data is so 

ubiquitous that it is virtually assumed when utilizing airborne sources. There have been efforts to 

fuse video and image data with metadata from other onboard sensor modules to generate a clearer 

picture of a battlespace [1]. This fused data can then be archived for later search and retrieval 

operations.  

Searching through video archives with thousands of hours of video data is computationally 

cumbersome and not feasible for a human operator without prescient knowledge of the specific 

date, time, and correlated metadata associated with a specified search. The National Geospatial-

Intelligence Agency (NGA) has turned towards open-source solutions to make the problem of 

video and image retrieval more computationally efficient [2]. The Air Force has stated they believe 
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that small UAS will be the cornerstone of Air Force ISR in the next 20 years. Specifically, swarms 

of UAS will work together to accomplish military objectives while providing no single point of 

failure due to their collaborative, distributed configuration [3]. In order for these UAS swarms to 

adapt and reconfigure they need to react and orient to multimodal sensor data derived from the 

battlespace. Thus a command and control cell requires the ability to direct UAS swarms with only 

a small number of people while interpreting and responding to a potential plethora of sensor data 

[4]. 

In the commercial industry, CBIR is used in many search engines such as Google, the 

Chinese search engine Baidu, and TinEye. These websites make use of CBIR by providing a 

reverse image lookup capability. This allows a user to drop an image into a search bar and see 

return images that are visually identical or similar to the one provided by the user. Google’s image 

search extracts several features from the image such as shapes, lines, proportions, and colors to 

create mathematical models. These features then match against images already in Google’s image 

index [5]. If the image contains metadata this additional information will be used to help narrow 

down a description. These algorithms from Google are proprietary and not made available for 

public use.  

CBIR has been hypothesized for situational awareness scenarios to aid, for example, 

emergency services or forensic inquires. In [6] and [7] the authors suggest moving away from a 

text-based image retrieval system for hospitals and police stations because the text annotations, or 

metadata, are subjective to every person’s interpretation. Instead they propose using CBIR to 

quantize color and texture data to link together mugshots with visual evidence, or by proposing a 

patient’s diagnosis based on past diagnoses using x-rays, scans, etc. Similarly to [6] and [7], in [8] 

the author proposes a CBIR system for matching visual evidence with past police cases to 
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determine patterns and possible matches. This system also uses relevance feedback which takes in 

user inputs to assist in narrowing down CBIR results. In [9] the authors use color and texture 

features to create a CBIR system to detect wildfires within images. These results are annotated 

with social media tags from Flickr and were used for information dissemination during the 

Colorado wildfires of 2012. The results showed that CBIR along with social media serve as an 

alternative source of information dissemination and possible emergency services mobilization. 

The authors of [10] describe using CBIR along with machine learning techniques to inspect and 

classify solar image data and related solar events. 

The ability to search large digital archives and provide timely, accurate, and relevant results 

to a user drives this research. A CBIR system can identify similarity between images to provide 

relevant results from an image corpus to a user query. If the query image is a landmark, the CBIR 

system can return other images of the landmark to allow the user to gain understanding of its 

location in the environment. If the query image is a potential target, the CBIR system can return 

results that help to match and identify the target. The focused development of CBIR for these two 

use cases allows optimization from the generic CBIR system approach. In addition, other sources 

of information, (i.e. magnetic, Wi-Fi, etc.) can help to improve the accuracy of the CBIR system. 

1.2. Problem Statement 

The opportunity to exploit images from a dynamic, sensor rich environment calls for 

assisted CBIR, which integrates search and retrieval mechanisms for image content with other 

environmentally derived context data. There is currently no software framework for assisted CBIR. 

Thus a framework is proposed for assisted CBIR that is extensible, modular, and scalable. This 

framework will solve the problem of multimodal CBIR by using standardized interfaces to accept 
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input from many sensor types, maintain data persistence, and respond to user queries. The 

proposed framework will use these multimodal inputs to filter results obtained from the search and 

retrieval operations. 

1.3. Approach 

A research approach to assisted CBIR must answer fundamental questions about the design 

and intended operation of the target system. Therefore, the research questions this thesis seeks to 

answer are as follows: 

1. What are the requirements to create an extensible software framework which 

implements assisted CBIR? 

2. How could an assisted CBIR system drive a wide array of applications and data 

needs? 

3. Can a CBIR system support specific applications such as localization? 

The research approach lays the groundwork for future implementations of prototypes and 

experimental systems. A proof-of-concept prototype was created and tested to determine viability 

which is detailed in Section V. This prototype used traditional image-only CBIR to perform search 

and retrieval operations. The results of the CBIR system were used to drive an application focused 

on situational awareness. The situational awareness prototype performs a naïve localization 

function to determine positional information in latitude and longitude.  

1.3.1. Software Design Document 

A software design document (SDD) for the extensible assisted CBIR framework is 

presented. The SDD will be created using IEEE standard 1016 as a reference [11]. The proposed 
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SDD contains more information than a traditional SDD by also detailing requirements in addition 

to the typical material from IEEE 1016. Thus the SDD will lay the foundation for future research 

and programming activities in this topic area and will detail the envisioned composition of the 

framework through diagrams, descriptions, and requirements. The multi-sensor assisted content-

based image retrieval system for situational awareness system is named MSACS. 

1.3.2. CBIR Programming 

Within the proposed framework will be a CBIR system. The CBIR system will use the Bag 

of Visual Words (BoVW) method for image search and retrieval [12]. This CBIR system is 

presented in Section V and an experiment is conducted as a proof-of-concept. The proposed CBIR 

system presented in the SDD will extend the traditional BoVW search and retrieval operation by 

adding multimodal sensor inputs into the search operation. The use of the multimodal sensor in 

conjunction with image data for image search and retrieval is henceforth called assisted-CBIR.  

1.3.3. Localization Prototype 

A situational awareness prototype will be a localization application which relies on the 

results of the CBIR system. This application will respond to a user’s query to the CBIR system 

with a best guess for latitude and longitude using the query information to match with known 

information in a database. The results of the multimodal CBIR operation could then be used to 

support some yet-to-be developed application supporting mission objectives.  
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1.4. Thesis Overview 

Figure 2 depicts the coverage of this thesis. This thesis investigates the prototype system 

developed as a proof-of-concept exercise and also creates an SDD with the intent of driving 

future development iterations. The summation of the prototype and the SDD guide the way for a 

modular, extensible software framework. 

 

Figure 2. High Level Thesis Approach 

1.4.1. Expected Contributions 

This thesis claims three contributions extended from research questions listed in Section 

1.3. These contributions are evaluated with a prototype detailed in Section V. The research 

activities seek to create a software design document, a prototype based on the software design 

document, an evaluation of the prototype’s performance, and applicability of an application using 

the prototype. 

By answering these questions this thesis seeks to makes the following contributions: 
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1. A software design document for an extensible software framework which 

implements assisted CBIR. A prototype that implements a subset of the design ideas 

is created to prove the usefulness and accuracy of the software design document.  

2. A prototype assisted CBIR approach to image search and retrieval. This prototype 

is evaluated by using prevalent performance metrics related to CBIR operations 

from similar systems. 

3. A localization application driven by the assisted CBIR results. This application is 

evaluated by investigating practical uses for a localization application that relies on 

Wi-Fi access points. 

These contributions help realize a system which implements a CBIR system that is sensor agnostic 

and extensible for future data needs. 

1.4.2. Structure 

This thesis is organized as follows: section II discusses the preliminaries and related works 

for image retrieval and image comparison research areas, section III discusses the high-level 

requirements, design, and prototyping by building upon the preliminary information, section IV 

details the SDD and presents requirements and diagrams of the intended system implementation, 

section V discusses the prototype and localization application by implementing portions of the 

SDD, and section VI concludes the thesis and describes future work.  
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II. Preliminaries and Related Works 

Humans search their surroundings for an object of interest with their eyes and typically 

have prescient knowledge of the object they are searching for. Once the object has been located a 

human will know, usually instantly, that the object is the one they were searching for. Similarly a 

computer requires prescient knowledge of the object it needs to search for in a scene while also 

understanding the scene itself. In order to understand a scene a computer needs a method to 

discriminate between objects, boundaries, and perspectives. These methods of discrimination are 

computer vision algorithms which quantify the visual content such as objects, within an image. 

This quantification results in a mathematical representation of an object from a scene. These 

mathematical representations are able to be implemented in tandem with a CBIR system to allow 

a user to query and obtain a response based on the content of the image.  

CBIR has been around for decades and is still an open problem under the topic of Computer 

Vision. CBIR searches a digital library or database of images using the visual content extracted 

from a query image to match with the previously stored content of the archived images. This visual 

content can be color, texture, shape, or any salient data extracted from a query image. To extract 

content from an image requires the use of open-source or proprietary algorithms. Parsing an image 

with these extraction algorithms will quantize the visual content, or features, within the image. 

Once these features are quantized they can be stored in a database for future search and compare 

operations.  
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2.1. Image Comparison Methods 

Image comparison is the fundamental backbone of CBIR. Some description of an image 

is made, often a histogram. A similarity measure is used to distinguish between the closeness of 

images. This section briefly describes methods of relevance in this thesis.  

2.1.1. Histogram Construction 

A naïve method of CBIR would compare color or greyscale histograms of all image pixels 

and corresponding colors to determine the similar measure of the histograms. However histograms 

are rarely used in CBIR because images are susceptible to noise in the form of light. The changes 

of illumination on an object as a result of the time of day, ambient lighting, or weather changes 

will change the pixel colors and thus the histogram will be different. Histograms are also 

redundantly detailed, as it is sufficient to only capture prominent image features of a histogram 

and suppress insignificant details [13]. 

Early methods of image comparison relied on color histograms. Color histograms can be 

represented in the red, green, and blue (RGB) color space. The color histogram is a compact 

summary of an image by representing the number of pixels of color in the image as a vector for 

each RGB color channel. For a given image a user can query a database to determine the closest 

match. The histograms are compared using a similarity measure to quantify their similarity. Color 

histograms tend to be coarse representations of images. While color histograms are generally 

insensitive to small changes in camera viewpoint they are susceptible false positives during search 

and retrieve operations. The false positives occur when two images with dissimilar content produce 

similar histograms due to the color distributions in the images [14]. 
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Grayscale histograms are an even more compact representations of an image when 

compared with RGB histograms. Grayscale histograms encode the shade, or intensity, of a pixel 

instead of the individual color contributions from the RGB color channels. Important features 

within the image such as edges, regions, etc. are not lost by using a grayscale histogram [15-16]. 

Image feature detection algorithms seek the edges, regions, etc. in an image to produce a 

quantized feature descriptor. Another method of image comparison creates a histogram of these 

features within an image. The SIFT method of feature detection is presented in 2.1.4. Once a 

feature is detected in an image it needs to be described. Feature descriptors are quantized 

representations of the detected image features. Thus histograms of the extracted features are 

created. Images are then queried for these features and provide a more fine-grained method of 

search and retrieval when compared to RGB and grayscale histograms [17]. 

2.1.2. Similarity Measures 

A similarity measure is the result of comparing data, in this case a query, against some 

other already existing data in order to determine a score of their similar content. This similarity 

measure can be applied over an entire corpus and then used to return a result set from the original 

query. Assessing the similarity between data can be calculated in several methods. One method is 

the Euclidean distance between a query image’s feature vector and a stored feature vector in a 

database or an exhaustive feature vector computation of an entire dataset [18]. The Euclidean 

distance is the magnitude of the differences of the distances between each element in the feature 

vectors. 
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The cosine distance is another similarity measure. For example the cosine distance could 

be calculated between a query image and each image in a dataset or stored feature information in 

a database. The cosine distance is calculated by: 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 =  𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 𝑄𝑄�⃗ ∙𝐷𝐷��⃗

�𝑄𝑄�⃗ �∙�𝐷𝐷��⃗ �
     (1) 

The similarity returned from the operation in equation 1 is the measure of the similarity 

[19] between two vectors. In this case 𝑄𝑄�⃗  is the query image vector and 𝐷𝐷��⃗  is the database image 

vector. The value of the cosine distance ranges from 0.0 to 1.0. A cosine similarity value of 1.0 

means that the two vectors are identical. 

2.1.3. BoVW 

BoVW is the visual approach to the Bag of Words (BoW) histogram associated with text 

documents and is illustrated in Figure 3. In BoW a histogram of word frequencies in a document 

is computed. In BoVW a histogram of the visual image patches, or words, is computed for each 

image patch in vocabulary.  
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Figure 3. BoVW Example [20] 

This BoW histogram can then be used for information retrieval problems. An inverted 

index can be created from the BoW histogram to give greater search weight to terms that occur 

less frequently in a document. This will improve a document’s chance of retrieval from within a 

database.  

In BoVW a similar approach is taken. Building on the feature extraction algorithm used in 

CBIR a codebook is generated with the quantized image features, which become the words. The 

codebook is generated with a clustering algorithm, typically k-means, in order to determine the k-

unique cluster centers. To calculate the k cluster centers the quantized features are first graphed. 

Then an iterative process begins which calculates the cluster centers by producing approximately  
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Figure 4. K-means Clustering Visualization [21] 

k equal sized clusters. These k cluster centers become the codebook which can be used against 

future query images. Figure 4 depicts the k-means clustering algorithm from start to finish 

Each cluster center in the codebook represents one word from the BoVW model. When a 

query image is parsed and the visual features are quantized a BoVW histogram based on the 

codebook can be computed for the image. This BoVW histogram can now be compared to other 

BoVW histograms from a dataset or corpus to determine a similarity distance metric. This method 

is faster than parsing an entire corpus every time a query is submitted. The BoVW codebook can 

be recalculated if there is a need to recalculate based on new images in a corpus or creating an 

entirely new corpus. Words from a BoVW codebook can also be graphed to discern data patterns 

between words. This is graphing and subsequent grouping is referred to as clustering. 
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The goal of data clustering is to discover natural grouping(s) of a set of patterns, points, or 

objects [1]. Clustering algorithms will discover k-groupings of n data points by using some 

similarity measurement. The similarity measure of data within a single group will be high, while 

the similarity measure of data across two groups will have a low similarity measurement. One of 

the most used and well known clustering algorithms is k-means clustering. The k-means algorithm 

finds a partition such that the squared error between the empirical mean of a cluster and the points 

in the cluster is minimized. The goal of k-means is to minimize the sum of the squared error over 

all k clusters. The k-means algorithm will always converge to a local minimum which is not 

necessarily the global minimum. Hence k-means is not deterministic. 

K-means clustering is used to create a codebook based on the SIFT feature descriptors. The 

codebook serves as a reference guide to discriminate between vectors by determining their nearest 

cluster centers. The closer a vector is to a cluster center the more similarity there is between the 

vector and the center. The number of clusters is equivalent to the codebook size.  

2.1.4. SIFT 

One method for creating the BoVW codebook mentioned in section 2.1.3 is to use the 

scale-invariant feature transform (SIFT). SIFT is a local feature extraction algorithm which is 

invariant to translation, scale, rotation, image noise, and partially invariant to illumination changes 

[22]. The SIFT algorithm has four major stages: scale-space extrema detection, keypoint 

localization, orientation assignment, and keypoint descriptor representation. 

In the scale-space extrema detection stage the image undergoes four rounds of Gaussian 

smoothing. The difference of the Gaussian (DoG) of each round is calculated and returns four DoG 

representations. A pixel in one DoG representation is checked to see if it is a local maxima or 
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minima with its eight neighbors. Then the same pixel is compared one scale higher and one scale 

lower with its nine neighbors to see if it is still a local maxima or minima. If the pixel is a local 

maxima or minima then it becomes a keypoint candidate. 

The keypoint localization stage begins by interpolating nearby detected keypoints. The 

Taylor series expansion up to the x2 term is computed for every detected extrema from the previous 

step. If the offset is greater than 0.5 if any dimension the extrema is discarded because the point 

will not be an extremum. Once each extremum has been identified the algorithm will discard each 

extremum with low contrast. The last operation of the keypoint localization stage will eliminate 

keypoints that are poorly located but appear to be an edge/boundary within an image. 

The orientation assignment stage will take the remaining keypoints from the previous stage 

and assign them a direction based on their surrounding nearest neighbor pixels. A 36-bin histogram 

is formed, each covering 10 degrees for a total of 360 degree range of orientations. This histogram 

is populated from all scales. If the orientation corresponding to the scale is within 80% of the 

highest value then this orientation becomes to dominant gradient of the keypoint. Figure 5 shows 

SIFT keypoints that have been identified by the SIFT algorithm. 

 

Figure 5. SIFT Keypoints [23] 
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The keypoint descriptor stage takes the dominant gradient found from the previous stage 

and creates a descriptor vector. Each keypoint is decomposed into a 16x16 grid, which is then 

decomposed again into 16 4x4 grids. An orientation histogram is computed for each 4x4 region. 

Each orientation histogram has a total of eight directions. Thus a final keypoint descriptor is 

composed of 16 of these 8-bin histograms. This keypoint descriptor is represented as a 128-

dimensional vector. 

Additionally, SIFT has been further improved with the RootSIFT algorithm. RootSIFT 

performs and element-wise normalization of SIFT features and then takes the square root. This 

brings the SIFT algorithm up to the performance obtained by the more recent Hellinger or Chi-

square histogram comparison methods [24]. RootSIFT is superior to SIFT in all cases and can be 

easily implemented without incurring additional computing or storage costs. This framework 

makes use of RootSIFT as the default image feature extractor. 

2.2. Image Retrieval 

The image comparison methods drive image search and retrieval operations in digital 

archives by returning identical or similar images to an original query. The comparison methods 

can be applied independently or in stages to achieve desired results. 

2.2.1. CBIR 

CBIR fuses the disciplines of computer vision, machine learning, information retrieval, 

human-computer interaction, database systems, statistics, and data mining. These disciplines are 

used to identify image content, quantize content, and implement one or more similarity metrics to 

drive CBIR operations. Figure 6 depicts the complexity that is a CBIR system. 
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Figure 6. CBIR System Visualization [18] 

Another implementation of CBIR would calculate the similarity measure comparison by 

comparing text-based tags generated automatically or manually by a user [18]. The popular photo 

sharing website Flickr performs CBIR by allowing users to manually annotate images created and 

uploaded by other users on the network [18], [25]. Tags can also be assigned automatically by 

extracting features and comparing them to known quantized features obtained through computer 

machine and or machine learning algorithms [26]. 

CBIR systems are built to implement one or more factors from each dimension depicted in 

Figure 6. Once a CBIR system’s coding and integration is completed it cannot be modified to 

implement other factors from Figure 6 without significant software or hardware changes. A CBIR 
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framework can provide a degree of flexibility when it comes to designing and implementing CBIR 

functionality. 

2.2.2. CBIR Frameworks 

A framework offers modular options for a user to accomplish a task within a specified set 

of constraints. Frameworks for CBIR allow a user to extract and quantize image features, store the 

quantized data in a database, and return similarity measure results based on a user query to the 

CBIR system. The authors created feature vectors by concatenating color, texture, and shape 

information into a single vector. A similarity measurement between query and database images is 

calculated using the Euclidean distance and each vector can be weighted. The authors also state 

and cite that most CBIR systems use a shape descriptor in one form or another. 

In [27] the authors use multiple shape features to perform image search and retrieval. The 

first, second, third, and fourth shape moments are extracted which creates a global shape 

descriptor. They also implement probabilistic classification clustering to classify a global shape 

descriptor as a known class. This probabilistic classification is called data mining by the authors. 

Once data mining is complete and a class is known a comparison of the query image to the known 

images of that class is conducted.  

The authors of [28] implement a multimodal CBIR framework using speeded up robust 

features (SURF), contour and edge detection, and text search. Thus their CBIR framework makes 

use of not only image content, but also non-image feature metadata data as well. The contour and 

edge detection portion of the framework allow a user to draw an image on a tablet which then 

extracts the contours and edges to determine if a similar image already exists in the database along 

with the extracted SURF features and text search to create a multimodal CBIR system. 
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The frameworks of [27-29] all make use of multimodal image features. However [28] uses 

textual data not associated with extracted image features, in the form of image tags, or metadata, 

which are already annotated on images to further refine the CBIR search and retrieval operation. 

The proposed framework will make use of image features along with metadata data as in [28]. 

However the metadata will be collected from sensors which collect environmental information at 

the time of image capture. This sensor data will be used in the proposed modular framework to 

refine search data in order to improve search retrieval and accuracy. The use of extracted image 

features and correlated metadata is known in this thesis as assisted CBIR. Assisted CBIR extends 

previous approaches since the CBIR system is using not only content from within the image but 

also outside data to assist in searches. 

In [29] the authors create a framework in which the CBIR system relies on multiple types 

of image features, which are called multimodal features. The CBIR system extracts color, texture, 

and shape features from an image. Multimodal features are used in CBIR systems because [30] 

demonstrated that CBIR systems which use only one type of image feature, i.e. only color, do not 

perform as well as those which use multiple features. Thus the framework presented aims to make 

use of more than just a single feature. 

2.2.3. Assisted CBIR 

Assisted CBIR has been implemented and used in the medical field for a decade, however 

it has not been named as such. CBIR can be used to extract, search, and compare images from one 

patient’s medical photo to another patient’s medical photo to assist in diagnosis [31-32]. In [31] 

the authors implement a CBIR system to analyze image features and metadata individually and 
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also combined (assisted CBIR) to compare the results. The assisted CBIR performed better than 

the metadata retrieval and image feature retrieval separately.  

In [32] the authors survey the state of CBIR in the medical field. They investigate 

multimodal and non-image data (assisted CBIR) image retrieval. The authors come to the 

conclusion based on their survey-like approach that combining the non-image data with the 

multimodal data improves the CBIR system performance. 

CBIR is used to support applications as in [33] the authors use latitude and longitude data 

to automatically annotate new images captured and uploaded to Flickr. Thus these new images 

within a similar geographical location will be tagged with labels from other already tagged images 

that currently exist in the Flickr database. The system replicates this work to demonstrate its 

usefulness and adds Wi-Fi access point lookups through the Wigle API [34]. 

2.3. Summary 

CBIR has been implemented successfully in large deployments such as Google and other 

mainstream search engines. CBIR has also been used for medical purposes to aid patient 

diagnoses and has been discussed for use in law enforcement activities. These implementations 

are static and are unable to change or adapt based on the needs of an organization or user. This 

gap in adaptability, or hence force called extensibility, is examined in the next section.  

This extensibility gap in CBIR systems also opens up the possibility for a CBIR system 

to drive an independent application. An independent application is one that completes some 

function using the output of the CBIR as its input. This is discussed in section IV and section V. 
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III. Framework and Approach 

Assisted CBIR will extend the ability of autonomous entities to understand the 

environment by linking the content of images with environmentally sensed inputs. In this section, 

the high level design process for the Multi Sensor Assisted CBIR System (MSACS) is discussed 

by developing high level requirements, describing the system and its key components, providing 

high level software design documentation information, and prototyping an application to 

demonstrate the utility of a framework. 

3.1. High Level Framework Requirements 

The framework will need to ingest, parse, and maintain large amounts of text data related 

to image and sensor features from multiple input sources. This drives four requirements. First, the 

data obtained from the sensor modules must be associated with an image and incorporated in 

search and retrieval. Thus at a minimum an image is required to perform the most basic form of 

CBIR which works solely on extracted image features. With this, the core functionality of image 

retrieval is necessary and the goal is to support simple or complex processing algorithms to do 

this, such as state of the art for CBIR, the BoVW paradigm.  

Second, the framework has to be extensible. The extensible sensor modules can be Python 

files that contain, at a minimum, a heartbeat function, a data reading function, and a database 

populate function. A configuration file associated with the framework will be used to point these 

modules to the framework at the time of operation. The heartbeat function lets the framework 

know that the module is intended for the framework.  

Third, data must be scalable and portable. To keep the size of the data as small and as 

portable as possible the framework will work with common data formats such as JSON and XML. 
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JSON will be the default data format in the system as it is more lightweight than XML. As a result 

of this all XML data in the system is converted to JSON as it is parsed. A scalable, distributed 

database will allow this data to propagate efficiently if used in a network. The database function 

tells the framework how to populate the database with the incoming module information. 

Fourth, raw and processed data needs to be exposed to support applications. In this use case 

a user queries the MSACS application programming interface (API) with data from a camera, Wi-

Fi sensor, and magnetometer. For example, a user may perform self-localization in an unfamiliar 

environment. The localization application can access data through the API. The following 

summarizes the high level requirements for MSACS: 

1. The framework shall support image-based CBIR using simple or complex 

processing, such as BoVW, and incorporate these additional inputs to improve 

search and retrieval. (Assisted CBIR). 

2. The framework shall be extensible, supporting multiple sensor inputs and 

processing of these inputs. (Extensible) 

3. The framework shall use a standardized data format, and be supported by a scalable, 

common database across platforms. (Scalable and Portable) 

4. The framework shall support post processing to enable image annotation and 

application interfaces. (API) 

These requirements serve as the basic design concepts for the prototype of MSACS. They 

address the basic high level design decisions in the system, detailed next. 

The current trends in CBIR systems and frameworks are moving towards multimodal 

feature extraction and detection. The authors of [29] use multiple features that are extracted from 

within the image to perform search and retrieval operations. These features are color, texture, and 
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shape. In [27] the authors combine machine learning techniques such as classification in addition 

to the shape features. In [28] the authors use external inputs such as user-created sketches and 

keyword searching in addition to the traditional CBIR image operations. All of these frameworks 

are rigid and do not allow the extensibility of feature types. The proposed framework will introduce 

modularity to enable new information to be collected about an image at the time of capture. This 

new information will be environmental data collected by additional sensors located at or around 

the same location as a camera. 

Assisted CBIR could be considered as an offshoot of traditional CBIR. In Table 3 from 

[18] the authors document a qualitative analysis of CBIR offshoots and applications. This table is 

extended to include the use of sensors and potential applications and is reflected in Table 1. The 

user feedback column has been omitted because it is optional in the qualitative analysis. The 

remaining categories are either desirable or essential. These qualitative design requirements drive 

the assumptions and requirements choices for the framework. 

Table 1. Assisted CBIR Qualitative Requirements Analysis 
Applications 
& Offshoots 

Similarity 
Measure 

Machine 
Learning 

Visualization Scalability Sensors Applications 

Assisted 
CBIR 

Essential Essential Desirable Essential Essential Desirable 

3.1.1. Assumptions 

The following assumptions are made for MSACS: 

1. All data generated by sensors are in the form of XML or JSON, except the 

camera/video data, which can assume multiple image formats (.gif, .jpg, .png). These data formats 

are widely used, extensible, and interoperate with several different programming languages. 

2. For the purposes of the prototype a single Cassandra database is assumed to support 

proof-of-concept operations. 
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3. For the purposes of the prototype a small scale deployment of the system is 

assumed, i.e. one camera which connects to the database from the 2nd assumption. Additional 

sensors are not implemented in the prototype to highlight the proof-of-concept operations. 

3.2. High Level Framework Description 

The concept of multi-sensor assisted CBIR is the integration of sensed information in the 

environment at the moment of image capture within the indexing, search, and retrieval process. 

This concept can be easily distributed in its operation, allowing for populate/update operations to 

be distinct from query/response ones. In this way known information from the populate/update 

stage can be linked to real time queries. The results from the queries can be used to propel 

applications that gain situational awareness of the environment through image repositories.  

This concept is illustrated in Figure 7. Cameras and sensors in the bottom half of the figure 

may publish images annotated with sensed information within a populate/update use case. 

Continual updates are vital to maintain the world model consistency with reality. The top half of 

the figure represents use cases that support queries/responses from autonomous entities and users.  
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Figure 7. High Level System Connectivity 

The concept aims to support image queries to receive similar images as returned values. 

Non-image queries such as Wi-Fi, magnetometer, and other potential modules can also retrieve 

images of relevance. These are built upon a distributed network and distributed database to support 

scalable world model building and querying across a region of interest. 

The core of the MSACS is displayed in Figure 8 and Figure 9. As shown in Figure 8, 

MSACS incorporates data obtained from additional sensors. As data is captured it is stored in file-

based folder structures enabling it to be assigned a time stamp (t0, t1, …, tn) for first-in first-out  
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Figure 8. Proposed Assisted CBIR Modules 

processing operations. This way all correlated data remains together. The types of captured data 

processed depend on the modules currently loaded and incorporated into the framework. 

All data is read into the framework as XML or JSON, with the exception of the image 

capture. Each sensor has a specific framework module which parses sensor-related data to extract 

and then quantize information and store it in a database. For illustration purposes the data presented 

in Figure 9 is shown as XML. After quantization the individual feature vectors are appended to 

the image as annotations and archived for later retrieval. The database will be available for search 

and retrieval operations once it contains data. This data supports a localization application tied to 

the first use case. 

The framework is not intended to be limited to a single database. However, for the purposes 

of this prototype, only a single database is used. Cassandra databases have the ability to shard and 

exchange information depending on their configuration. Cassandra is used for applications that 

require high availability and have the potential to scale. Thus, Cassandra is selected as the 

implemented database due to the potential scaling needs. 
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Figure 9. Proposed MSACS Framework 

On the right of Figure 9, applications can access the MSACS API to make use of the 

assisted CBIR data. For example, a localization application can utilize the known latitude and 

longitude information in the database and provide an inference of the latitude and longitude for 

the query image. This is accomplished by averaging the latitude and longitude of the images in the 

return set. The cardinality of the return set is user defined in a framework configuration file. The 

performance of the localization application is affected by the return set size. The result of the 

localization application is a pair of latitude and longitude coordinates returned to the user. 
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3.3. Development Approach 

The development approach will create software documents which describe the system from 

the ground up. A software design document (SDD) detailed in Section IV will use IEEE standard 

1016. IEEE 1016 describes the standards for system and software design descriptions. The SDD 

is a representation of a software design to be used for recording design information and 

communicating that design information to the key design stakeholders. The SDD is typically 

prepared to support the development of a software item to solve a problem, where the problem has 

been expressed in terms of a set of requirements [11]. 

3.3.1. Requirements Specification 

The SDD detailed in Section IV will use IEEE standard 1016 and ISO 29148-2011 as the 

basis for design. ISO 29148-2011 describes standards for requirements engineering for systems 

and software engineering projects [35]. The requirements are typically specified in a separate 

document from the SDD. However this thesis details the requirements of the MSACS framework 

as a subsection (4.3 Software Requirements Specification) within the SDD. 

3.3.2. Modeling 

The SDD also presents several figures to further detail and explain the desired functionality 

and aid in the interpretation of the created requirements. As such, these figures are intended to 

guide development and are not concrete depictions of operation. 
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3.4. Evaluation Approach 

A prototype of the proposed system is evaluated. This prototype implements subsets of the 

requirements presented in Section IV in order to create and execute a CBIR system that performs 

basic search and retrieve operations. This prototype also provides input to a prototyped localization 

application. 

3.4.1. Prototyping 

A prototype has been created which validates the utility of the framework. This is covered 

in-depth in Section V. The prototype is an implementation of a CBIR system using BoVW. 

Different vocabulary sizes are used to generate search metrics in the form of precision and recall. 

The results of the BoVW-only approach are promising. Implementing the assisted CBIR 

functionality within the framework will theoretically improve search and retrieval results to result 

in more accurate return sets. This will be accomplished by either adding weights to the different 

search parameters or filtering the results based on the existing sensors.  

3.4.2. Application 

The CBIR prototype described above will drive a situational awareness application. This 

application will use the results of the CBIR prototype operation to determine a location in latitude 

and longitude coordinates. The application will interface with the MSACS API in order to obtain 

positional data. The application can be user-defined and is not limited to what is presented in this 

thesis. The intent of the application is to utilize the results of the assisted CBIR operation to drive 

user-defined application. 
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3.5. Conclusion 

The MSACS framework is intended to be a distributed network of sensors and databases 

which store sensor data and respond to queries from a user. The response results can then be fed 

through the API to drive some user-defined application. The proposed SDD is based on IEEE 1016 

and also implements requirements per the ISO 29148-2011 standard. Multimodal, or assisted 

CBIR systems have been implemented and evaluated before. However none have taken a modular, 

extensible approach to implementing individual modalities in the system. The development 

approach will implement an extensible module-based framework based on a prototype developed 

for this thesis. 
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IV. Software Design Document 

Assisted CBIR will extend the ability of autonomous entities to understand the 

environment by linking the content of images with sensed inputs. In this section the design process 

for the Multi Sensor Assisted CBIR System (MSACS) is exposed by developing requirements, 

describing the system, and detailing its key components. 

The framework design approach is from the bottom up with a focus on extensibility and 

modularity. Because of this the composition viewpoint from the IEEE 1016 standard is used. As 

described in section III, this standard lays the foundation for designing software systems. 

4.1. Purpose 

The purpose of this SDD is to describe the implementation of the MSACS software 

framework described in Section III. The MSACS framework is designed to be an extensible, 

modular system which performs assisted CBIR to support user-defined applications. The 

modularity aspect of the framework will utilize one or more sensor modules to collect data from 

the surrounding environment. This data will be correlated with an image file and saved in a 

database for future search and retrieval operations. This SDD contains more information than a 

traditional SDD does to emphasize requirements for the various subsystems that comprise the 

framework. 

4.1.1. Scope 

This SDD describes the implementation details of the MSACS framework. The framework 

will enable assisted CBIR using one or more sensor inputs to drive search and retrieval operations 

in a situational awareness scenario. The results of the search and retrieval operations are then fed 
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into an application. This SDD also covers the requirements for the MSACS framework and 

associated the subsystems. 

4.1.2. Definitions 

Many terms in this SDD are defined here to clear up any confusion related to the 

components, subsystems, and pieces of the MSACS framework. 

Application – A program which serves to complete a function. 

Assisted CBIR – Performing CBIR using multimodal information obtained from sensors 

in addition to extracted image features. 

CBIR – Content-based image retrieval uses the features contained within digital images to 

match to other images. 

Multimodal – Using more than one type, or mode, of data. 

Sensor – A device which collects data from the surrounding environment. 

4.2. Design Overview 

4.2.1. Description of Problem 

There is currently no framework which supports extensible assisted CBIR operations. A 

framework is ideal to create an extensible, modular approach to assisted CBIR. This modular 

approach allows a user to create a sensor module file to interface with the framework which is fed 

real world data. The framework will then parse, extract, and store information related to that sensor 

module and associate all extracted data with the corresponding image from the time of capture. 
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4.2.2. Technologies Used 

The MSACS framework will communicate with one or more Cassandra databases. The 

only required device for minimum functionality is a computer capable of running and executing 

programming languages and Cassandra databases. The computer can be Windows or Linux due to 

the open nature of Cassandra. 

4.2.3. System Flow Diagrams 

Figure 10 through Figure 12 depict high level operational flow of the framework. Figure 

10 shows a user interacting with the framework through an API. The rest of the framework 

operations occur in the backend. 

 

Figure 10. System Overview 

Figure 11 shows the high level operational flow of image annotation process. When a 

sensor captures information it is ingested into the framework so the features can be extracted. At 

a minimum there needs to be at least an image captured at a sensor’s location. Once an image has 

been captured and the multimodal data, if it exists, if ingested too. Then this information is 

extracted and stored in a database.  
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Figure 11. Image Extraction 

Once the information is stored in a database the image is then annotated with all of the 

supporting sensor data and archived. 

Figure 12 depicts a user querying the framework to obtain a result. First the user uploads 

an image and the image is parsed for features. These features are then checked against the stored 

features in a database and then filtered based on the user’s weighting, if any, of the sensor 

importance. Once filtered the return set of images is displayed to the user. 

 

Figure 12. Query Procedure 
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4.3. Software Requirements Specification 

4.3.1. Framework 

The framework requirements describe the major operations performed by the system. This 

includes describing CBIR, extensibility, common data formats, and how a user interacts with the 

framework. The user will interact with the API and the framework will handle the other operations 

behind the scenes.  

The requirements related to the MSACS framework are labeled as MSACS-F-##, where 

## is the numerical designator of the requirement (i.e. 00, 01, etc.). 

Table 2. Framework Requirements 
Requirement: Requirement Description: 

MSACS-F-00 The framework shall implement CBIR for images using the BoVW paradigm. 

MSACS-F-01 The framework shall be extensible by accepting sensor (module) files. Each 
module file will contain functions needed to interface with the framework. 
This proposed relationship is illustrated in Figure 13. 

MSACS-F-02 The framework shall use a standardized data format, and store information 
within a scalable, common database across platforms. 

MSACS-F-03 The framework shall implement post-processing image annotation by 
appending sensed information to an image. This is illustrated in Figure 14. 

MSACS-F-04 The framework shall interface with one or more users by presenting an API. 

 

 

Figure 13. Proposed Member Functions. 
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The framework’s extensibility will allow it to ingest new custom module files. These 

module files contain functions as depicted in Figure 13 which collect data and also provide the 

framework with a list of the types of data collected. This list will be used to create new columns 

in the database tables. 

After an image has been collected it will be annotated with all associated multimodal sensor 

data. Figure 14 depicts a potential implementation of image annotation. When an image is captured 

and processed the data associated with it is appended to the image. The figure depicts this with an 

XML-like implementation for visualization purposes. The image annotation function is intended 

to be used for archiving images. 

 

Figure 14. Proposed Annotation Scheme. 

4.3.2. Assisted CBIR 

Assisted CBIR uses multiple sensor inputs in addition to traditional image-based CBIR to 

refine search results. The sensor inputs are described in the sensor module fields and are 

incorporated into the framework. Additionally the different sensor inputs can be weighted based 

on user preference to aid in searching. Once a return set is computed the user will be able to filter 

the results based on the sensor type. 
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The requirements related to the MSACS assisted CBIR are labeled as MSACS-AC-##, 

where ## is the numerical designator of the requirement (i.e. 01, 02, etc.). 

Table 3. Assisted CBIR Requirements 
Requirement: Requirement Description: 
MSACS-AC-
00 

The framework shall execute assisted CBIR using not only the extracted 
image features but also the available multimodal sensor data associated with 
each image.  

MSACS-AC-
01 

The assisted CBIR subsystem shall support weighting of the multimodal 
search parameters from 0.0 to 1.0. Thus all search parameters added together 
shall equal 1.0. 

MSACS-AC-
02 

The assisted CBIR subsystem shall filter results to obtain return sets (i.e. 
apply filter with sensor X to see results with X, then filter with sensor Y to 
obtain a result set in which X and Y intersect). 

MSACS-AC-
03 

The assisted CBIR subsystem shall present the results of the search and 
retrieve operation to the user in the form of images returned by the search 
query. 

4.3.3. Modules 

The framework module files contain information on the type of data they collect and are 

tailored for each type of sensor they support. For example a Wi-Fi module may collect information 

on SSID, MAC addresses, etc. to support Wi-Fi collection. This means every time the Wi-Fi 

module collects data all of this supporting data related to Wi-Fi are collected, if available. Each 

module is intended to provide one reading from the environment for each image that is captured 

by the system. The module files are programmed by the user and are constrained to use either the 

XML or JSON data types.  

The requirements related to the extensible modules are labeled as MSACS-M-##, where 

## is the numerical designator of the requirement (i.e. 01, 02, etc.). 

 

 



39 

 

Table 4. Module Requirements 
Requirement: Requirement Description: 
MSACS-M-00 A module file shall obtain data from exactly one sensor to support assisted 

CBIR using sensor data acquired: 
1. Real-time 
2. From a saved file 

MSACS-M-01 Data obtained from a module shall correctly to exactly one image.  
MSACS-M-02 Each module file shall provide the framework with a list of the data 

identifiers (i.e. if a module collects Wi-Fi data then the module shall pass a 
list of all the data the sensor collects such as SSID, MAC Address, etc.) 
associated with the type of data the sensor will collect. 

4.3.4. Application 

The results of the assisted CBIR operation can feed into a custom application. The 

applications are meant to be customizable and generated by a user. A localization application 

example can take the results of image search and retrieval to estimate a location.  

The requirements related to the MSACS framework application are labeled as MSACS-A-

##, where ## is the numerical designator of the requirement (i.e. 01, 02, etc.). 

Table 5. Application Requirements 
Requirement: Requirement Description: 
MSACS-A-00 The framework shall support an application that uses the results of the 

assisted CBIR operation to perform localization. 
MSACS-A-01 The localization application shall report results to a user in latitude and 

longitude format 

4.3.5. CBIR 

CBIR forms the basic functionality of the framework operations. The CBIR system is 

intended to extract image features, perform feature clustering, and create codebooks to aid in 

search and retrieval operations. At a minimum the CBIR system will need only an image to execute 

search operations.  
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The requirements related to the MSACS CBIR operation are labeled as MSACS-C-##, 

where ## is the numerical designator of the requirement (i.e. 01, 02, etc.). 

Table 6. CBIR Requirements 
Requirement: Requirement Description: 
MSACS-C-00 The CBIR operation of the MSACS framework shall implement a BoVW 

approach to image search and retrieval. 
MSACS-C-01 The CBIR system shall recalculate a codebook using a corpus of images. 
MSACS-C-02 The CBIR operation shall be extensible to allow for multiple feature 

extraction algorithms. At a minimum this includes: 
1. SIFT 
2. RootSIFT 

MSACS-C-03 The CBIR operation shall be extensible to allow for multiple clustering 
algorithms. At a minimum this currently includes: 

1. K-means 
MSACS-C-04 The CBIR operation shall provide the user with precision metrics based on 

Equation (2). 
MSACS-C-05 The CBIR operation shall provide the user with recall metrics based on 

Equation (3). 
MSACS-C-06 The CBIR operation shall allow the user to specify the number of images in 

the return set from at least 1 image up to N images where N is the cardinality 
of the corpus. 

 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = |{𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼}∩{𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼}|
|{𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼}|

     (2) 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = |{𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑎𝑎𝑎𝑎𝑎𝑎 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼}∩{𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼}|
|{𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼}|

    (3) 

4.3.6. Image Annotation 

Image annotation will take all multimodal sensor data and append it to the corresponding 

image. Annotated images will be archived for later use in search and retrieve operations.  

The requirements related to image annotation are labeled as MSACS-AN-##, where ## is 

the numerical designator of the requirement (i.e. 01, 02, etc.). 
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Table 7. Annotation Requirements 
Requirement: Requirement Description: 
MSACS-AN-
00 

The image annotation operation shall use all available sensor data and 
append it to the image capture as an image annotation. 

MSACS-AN-
01 

If no sensor data other than the captured image exists the image shall be 
appended with an identifier indicating that nothing was available to append 
to the image. 

MSACS-AN-
02 

The image annotation operation shall archive the annotated image for future 
use in search and retrieval operations. 

4.4. System Diagrams 

Several diagrams are illustrated in this section to further detail system design and 

implementation visions. 

4.4.1. System UML Diagram 

Figure 15 presents a high-level overview of the MSACS system design. The MSACS 

framework relies on the distributed nodes to capture and store information. Each distributed node 

contains at least 1 camera (sensor) and as many additional sensors for Wi-Fi, magnetic field, etc. 

as required. The distributed nodes are envisioned as creating coverage over a corpus area such as 

a city or town. The number of required sensors has not been defined in this SDD. This node may 

also have a local database to store sensor-related data. The MSACS framework implements an 

assisted CBIR system, which is supported by a traditional CBIR system, one or more applications, 

and one or more module files. The module files enable the framework to interpret data from the 

sensors. The CBIR system provides the traditional image feature matching functionality to the 

assisted CBIR system. Lastly the assisted CBIR system uses the data obtained from the sensors 

and the image feature extraction to perform the updated assisted CBIR operation. This is where 

the system executes the search and retrieval operation by using all sensor-related data and image 



42 

 

feature extracted data to obtain a result. This result can be filtered across the different sensor data 

or weighted to obtain a result. 

 

Figure 15. MSACS High Level UML View 

The intended use of this system would allow an operator to open the framework, import 

modules as needed, and then perform assisted CBIR operations to drive some user-defined 

applications to produce a salient result. 

4.4.2. Framework Object Instance 

The object diagrams depicted in Figure 16 and Figure 17 show a potential instance of the 

framework based on Figure 15. The distributed node object is identified by an IP address. The 

database and sensor objects are identified by port numbers. Thus the database, if one exists at the 

node, and the sensors can be referenced by their IP addresses and port number. The sensor object 
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can then be referenced as 213.100.100.1:10000. The sensor is depicted as collecting the SSID and 

the signal strength in dBm. The CBIR system object provides a BoVW histogram of the returned 

image. The module object shows the framework is currently using the Wi-Fi module. The fields 

slot is a list of the data fields of the sensor. In this case the data fields would be SSID and dBm. 

 

Figure 16. Node Instance Diagram 

The application uses the result of the assisted CBIR object to make an inference as to the 

location of the query image. At this point the framework would then return control to the user and 

be ready to perform another assisted CBIR operation. Per the description for Figure 15 it is possible 

to have many sensors and many module files. These additional sensors will feed into and provide 

fine-grained results for the assisted CBIR operations. The diagram presented for the framework 

instance is just one of many possible. 
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Figure 17. Assisted CBIR Instance Diagram  

4.4.3. MSACS Database 

The MSACS framework will use databases for information persistence. These databases 

will report to the framework at the time of query. Per the UML diagram in Figure 15 a node does 

not necessarily require a database. This means that one database can potentially hold the 

information of more than one node. Table 8 depicts a potential node configuration with one camera 

and multiple sensors. This node, Node X, has three sensors. A camera, a Wi-Fi sensor, and a 

magnetometer. This node also has three entries in its database. Each entry has the extracted sensor 

features listed. These extracted sensor features are used in search and retrieve operations. The data 

stored in the database should be formatted as a string. 
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Table 8. Sample Database Entry 
Local Sensors Image Histogram WiFi Magnetometer 

Camera A.jpg [12,10,…,45] SSID: 
“Wireless2017” 

X: 1.277 
Y: 2.334 
Z: 3.443 

Wi-Fi B.jpg [100,78,…,12] SSID: 
“Wireless2017-

2” 

X: 1.277 
Y: 2.334 
Z: 3.443 

Magnetometer C.jpg [20,21,…,89] SSID: 
“Wireless2017-

3” 

X: 1.277 
Y: 2.334 
Z: 3.443 

 

Per requirements with the MSACS-C identifier the framework will have a CBIR system 

that uses extracted image features. The envisioned database format would have the name of the 

image being the primary key. The name of an image could be a concatenation of the node name 

and the timestamp from image capture, to uniquely identify an image and tie the image to its origin 

location and time of day from which it was captured. Since the extracted features form the 

backbone of the CBIR system a histogram column will exist in the database too. The image’s 

histogram could be represented as a string of values.  

The module specific data identifiers would be located in the module file. These data 

identifiers contain the names of the data to be collected. For example, if a Wi-Fi module is used 

one data field could be SSID, another could be MAC address, etc. When the framework ingests a 

module file it will check to see if the module’s data fields already exist in the database. If the fields 

do not exist they will be added to the table. When an image is captured from a node these new 

fields will be populated during data collection and processing.  

During a query operation the framework will parse an annotated image for the image 

features along with the multimodal data. This data will then be compared with the data existing in 

the databases to determine the best match. 
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4.4.4. Framework Initialization 

The framework initialization state machine is depicted in Figure 18. When the framework 

is initialized it will attempt to connect to the network that contains the databases and distributed 

nodes. If this connection is not available the initialization will end without connecting. If the 

connection is successful and there are no new module files to import into the framework then the 

ready state is entered. If the connection is successful and there are new modules to import into the 

framework then each module will be imported until there are no more left to import. Then from 

the check module state the framework will move to the ready state. 

 

Figure 18. Framework Initialization Sequence [37] 

The ready state is when the framework is idle and waiting for a user to query the framework 

with an input for a result. This is depicted in Figure 19.  
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Figure 19. Search Sequence [37] 

In the ready state a user can upload an image for search and retrieval. Once an image has 

been uploaded the assisted CBIR system will search the information repositories for a match. If no 

match exists then the system will return to the ready state. The user is then able to filter the results 

based on the types of current modules attached to the system. Once the results have been filtered 

the results of the operation are then returned to the user. When the user has completed viewing the 

results the system will move back to the ready state to wait for additional input. 

4.4.5. Image Capture and Sensor Fusion 

When an image and all available associated sensor data has been captured it will be 

annotated as shown in Figure 14. Each image, at the minimum, will have the image data. Thus 

each image, at the maximum, will have data from every available sensor which will be used for 

image annotation.  
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4.4.6. Image Annotation 

The image annotation process will fuse together the sensor inputs from the time of capture 

as depicted in Figure 20. Images are annotated for archival purposes and could serve as a backup 

if a database issue arises. 

 

Figure 20. Annotation Operation 

4.5. Interfaces 

Interfaces are implemented to aid in the extensibility and modularity of the overall system. 

The user will communicate with the framework by accessing the MSACS API. An example of the 

framework’s interfaces are depicted in Figure 21. This figure depicts the flow of data through the 

different interfaces implemented in the overall system. The entire framework is wrapped in the 

MSACS API. This API is used by the end user to interact with the framework. The API is then 

interfaced with the framework and passes data in a bidirectional manner to the user. The framework 

interfaces with the modules, the applications, and the CBIR system. This enables the user to update 

modules within the framework, update applications associated with the framework, and perform 

search and retrieval operations. This remainder of this section describes and depicts the data 

traversing these interfaces by illustrating figures with parameters and attributes across each 

interface.  
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Figure 21. Interface Diagram 

4.5.1. BoVW Interface 

The API’s BoVW interface functions of Table 9 represent how a user communicates with 

the framework to select BoVW settings. This table details the API functions, their return type, and 

parameters between the user and the API. The printAlgorithms() and setAlgorithm() functions will 

print a list of the feature extraction algorithms available and selectable in the framework. This 

could mean changing from SIFT to RootSIFT, Histogram of Gradients, etc. The codebook size 

can be printed in addition to creating a new codebook. Since clustering is used for codebook 

generation there are options to print and set the number of iterations of the k-means clustering 

algorithm. The number of images in the return set of the CBIR operation can be viewed and 

selected as well. The sensitivity of the similarity comparison between images can be selected as 

well from the API. 

4.5.2. Wi-Fi Interface 

Table 10 details the interface between the framework and the Wi-Fi module depicted in 

Figure 22. The parameter depicted in the figure refer to the information about a Wi-Fi reading 
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such as the SSID, MAC, etc. The list of parameters can be changed depending on the application 

they are needed for. For example if a user wants to only have SSIDs populate the database then 

this option will be selected. Since multiple Wi-Fi access points can intersect at a sensor’s 

location there needs to be a way to prioritize them. This defaults to the access point with the 

strongest signal. However if only a single access point is used this may cause issues in the future 

in this access point is removed or the name changes. Thus the verbosity will let the user select 

the amount of access points with the highest signal. 

Table 9. BoVW API Functions 
User Interface Functions 

Return Type Name and Parameters 
List printAlgorithms() 
Void setAlgorithm(Algorithm Name) 
Int printCodebook() 
Void createCodebook(K-means iterations, Number of Clusters) 
Int printKmeans() 
Void setKmeans() 
Int printReturnset() 
Void setReturnset() 
Int printSimilarity() 
Void setSimilarity() 

 

 

Figure 22. Wi-Fi Interface 
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Table 10. Module Interface Functions 
Framework and Module Interface 

Return Type Function and Parameters 
List getParams() 
Void setParams(List of Parameters) 
List printVerbosity() 
Void setVerbosity(Number of nodes to save) 

4.5.3. Magnetometer Interface 

Table 11 details the interface between the framework and the magnetometer module 

depicted in Figure 23. The amount of information stored by the magnetometer module is selectable 

by the user. Since the magnetometer module can collect X, Y, and Z axis data there are a total of 

six combinations of these three variables. The user can select which combination to use through 

the API. For example, the user may only want data from the X axis only. Or a user may want data 

from only the Y and Z axes. These six options will be listed through a print option and these 

options are then selectable through the API. 

 

Figure 23. Magnetometer Module 

Table 11. Application Interface Functions 
Framework and Application Interface 

Return Type Function and Parameters 
List printOptions() 
void setOptions(Option number) 
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4.5.4. Other Interfaces 

The interface between the framework and the future modules is depicted in Figure 24. Each 

type of module that interfaces with the framework should have some selectable parameters relating 

to the information collected and processed from the module. In order for this data to be extensible 

the user will need to access it through the interface.  

 

Figure 24. Future Modules 

4.6. Conclusion 

The MSACS framework is an extensible modular approach to implement an assisted CBIR 

system. The results of the assisted CBIR system can be fed into one or more user-defined 

applications to complete some task. The requirements, instances, uses, and interfaces of this system 

are given to aid in future development with the SDD as a guide.  
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V. Prototyping and Application 

5.1. Core CBIR Implementation 

A prototype of the MSACS framework CBIR system and application were implemented in 

Python. The prototype and application used several open source libraries including OpenCV, 

SciPy, NumPy, GeoPy, Basemap, and the Cassandra database Python API module. The prototype 

was implemented on a virtual machine running the Ubuntu 16.04 operating system. An image 

corpus for the prototype’s evaluation was created using the Google Street View API. The API 

allows the creation of street-level images for a specified evaluation zone based on user-defined 

routes. This corpus of images was used for prototype and application evaluation.  

The minimal CBIR implementation module within the MSACS framework is responsible 

for extracting point features from images, calculating and creating a visual vocabulary, and 

expressing the content of images in the form of a BoVW histogram. The BoVW implementation 

for this experimental evaluation used the OpenCV, Numpy, and SciPy open source libraries to 

complete these tasks.  

Initially the images were converted from RGB to Grayscale. Then SIFT features were 

identified and the descriptors were extracted. These point feature descriptors were then 

recalculated as RootSIFT descriptors based on knowledge obtained from [24]. Then descriptors 

were aggregated into a list containing the corpus’ image descriptors so that centroids can be 

identified using the k-means algorithm. Once centroids have been identified, the centroid vectors 

formed codewords, otherwise known as a visual vocabulary or codebook. The codebook is stored 

for future use by serializing the centroid data. This serialization allows the codebook to be recalled 

and used later to codify images in terms of their visual words in relation to the codebook. 
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Next each image in the corpus underwent vector quantization and histogram generation. 

This means BoVW signatures were calculated for each image in the dataset. This process begins 

with the quantization of feature descriptors using the codebook produced previously. The result of 

this quantization process is a list of visual words, each representing a centroid from the visual 

vocabulary, or codebook, which summarized the content of each image. The number of 

occurrences of each of the k visual words found in an image are tallied. This tally is then used to 

build an image histogram. An example histogram for a k=100 codebook is depicted in Figure 25. 

Once histograms are calculated they are stored in the Cassandra database and are accessed 

as needed to facilitate search and comparison operations. When MSACS conducts a query of an 

image a histogram is computed for the query. Then the cosine distance is calculated against the 

corpus, and the corpus images are ranked by the cosine distance against the query. 

 

Figure 25. Codebook Histogram 

During the course of prototyping the CBIR system it was discovered that the same image 

features from a dataset corpus may be detected and quantified in subsequent codebook 

calculations. However, the resulting cluster centers will never be the same mathematically. This 
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was first tested by creating two codebooks of size k=10. After manual inspection of both 

codebooks there was a discernable one-to-one match between cluster centers. However, the 

representation of corresponding cluster centers had a minimum variation of -.0106 and a 

maximum variation of .01816. Variation was calculated as the percent change from the first 

codebook to the second codebook. Figure 26 shows the variations of a word, or cluster, between 

two codebooks. Thus each matching word from both codebooks was compared and an element-

wise operation using Python calculated the min and max variation obtained across all k=10 

clusters and their 128-element vectors. 

These intra-cluster variations could eventually affect the accuracy of the CBIR system 

results at execution time. After the k=10 codebook comparison two new codebooks of size k=20 

were calculated. After manual inspection there were 13 cluster matches between the first and 

second codebook. The remaining 7 clusters did not appear in both the first and second 

codebooks. So these 7 clusters were assumed to be different words. This is evidence that the 

selection of SIFT descriptors is not deterministic either. The intra-cluster variation observed 

from the k=10 codebooks was present in both k=20 codebooks too. The variation for the case 

when k=20 was higher than that obtained when k=10. The minimum variation was -.199 and the 

maximum variation was .136. Again these intra-cluster variations could eventually affect the 

system results during operation. 
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Figure 26. Word Comparison 

5.2. Annotated Image Repository 

Corpus creation was automated using Google’s Street View Image API. This API 

downloaded images and their geolocation (latitude and longitude) data. A dataset consisting of 

1,080 images was collected from New York’s Upper East Side in an area of approximately 50 

square city blocks. This area and a route through the area is shown in Figure 27.  
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The corpus was generated by repeated route planning in the Google Maps API. Source and 

destination points were entered to obtain a URL by the API. This URL was fed into an online GPS 

visualizer to obtain an XML-based .gpx file. The .gpx file contained the source and destination 

points along the user-defined route. There were several intermediate GPS points represented by 

latitude and longitude values between the start and end points. For each latitude and longitude pair 

in the .gpx file four images were collected from the street-view API at random viewing angles; 

one from 0-90°, one from 90-180°, one from 180-270°, and one from 270-360°. The images were 

500x500 pixels in resolution and suffixed with a .jpg extension. Then the query set was created by 

taking one random image from 0-360° at each latitude longitude pair in the .gpx file. The depiction 

of the route specified is shown in Fig. 5. A Cassandra database was then used to store information 

about each image. This information included the image name, its latitude, longitude, and field of 

view (i.e. the degree orientation) from which the image was generated. 

 

Figure 27. Corpus Area 
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Ground truth was computed by comparing every query image against the corpus to 

determine if there was a sufficient number of validated feature matches. This matching established 

the existence of relevant matching visual content between the image pairs. For an image to be 

considered relevant it must have a minimum user-defined number of matches. Applying a 

constraint of at least 50 matches across a set of query images and dataset images was demonstrated 

to establish relevance with no false positives for a manual evaluation performed using a subset of 

the overall data. A ground truth table was constructed of size n-by-m where n is the number of 

query images and m is the number of corpus images. For example if the nth query image and mth 

corpus image are equal to or greater than the user-defined feature matching limit then position 

(n,m)=1 in the ground truth table. Otherwise if the match constraint is not met then position 

(n,m)=0. 

5.3. Image Retrieval Evaluation 

The MSACS CBIR prototype was evaluated using precision and recall, the standardized 

way to evaluate a CBIR system [18]. Precision and recall are calculated as follows: 

In the experimental evaluation the relevant results were calculated from the ground truth 

table as images that shared at least 50 features with the query image. To be useful for search, most 

relevant items should appear within a tractable amount of retrieved results. This tractability ensures 

that a system can accomplish its task in a timely manner. As seen in Figure 28, 75% of relevant 

images are returned with 10% of the total corpus size. Tests were conducted with multiple 

codebook sizes of k as 70, 170, 500, and 1000, and it appeared that k=170 was the best at ordering 

the first half of returned images. The results seem to demonstrate that the system overly generalizes 

at k=70, enabling features which are not instances of one another to be codified into the same 
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visual word. This means the k=70 codebook was too coarse-grained for adequate search and 

retrieve operations. For k=1000, the system seems to perform best when the return set is in the first 

10% of the image repository size. This can more clearly be seen on a logarithmic scaled version 

of precision and recall, shown in Figure 29. 

 

Figure 28. Precision and Recall Curves 

 

Figure 29. Precision and Recall Curves, Logarithmic 
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5.4. Application 

To enable localization functionality, MSACS can capture images and populate a database 

with their latitude and longitude coordinates as in use case 1 depicted in Figure 7. The database 

could potentially be fed by many cameras and other sensors. There could also exist many databases 

as well due to Cassandra’s ability to scale. Searching the database with a query image will lead the 

system to begin the localization application routine as shown in use case 2. 

A simple approach to show this capability is simply to estimate the locations of the top 

ranked images for a latitude and longitude estimate for the query image. For each of the top 

returned corpus images the cosine distances of the BoVW histogram with respect to the query 

image’s BoVW histogram are calculated. If the cosine distance between the query and any dataset 

image was greater than .99, then the location of the query image is assumed to be that of the query 

image. If the cosine distance of an image is less than .99 then the corpus image’s latitude and 

longitude are summed and averaged with every corpus image’s latitude and longitude values from 

the return set. The user was then presented with an actual location based on the existing knowledge 

of latitude and longitude values, a guess location based on the summing and averaging operation, 

and physical distance in meters between the actual and guess locations. The distance between the 

two was counted as distance error. The results of the localization routine through this coarse 

averaging among the returned set is shown in Figure 30 for multiple codebooks. The graph further 

reinforces that the discriminating power of the larger k values produced a more accurate location 

guess. 
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Figure 30. Codebook Size and Localization Error 

These localization values were averaged guesses over a path. In an actual localization 

application, more sophisticated techniques to recognize landmarks and surveyed positions within 

images would increase the certainty of a guess. Investigation improve localization performance is 

reserved for future work. 

In a final demonstration of the framework the ability to capture easily obtainable 

information about Wi-Fi access points from the images in the sensed environment is demonstrated. 

Location guesses were automated to search in the Wigle database [34] from a python script. This 

automated search displayed the results of anonymized Wi-Fi access points for a particular image 

search. These reuslts are shown in Table 12. 
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Table 12. Wi-Fi Access Point Lookup 
Wi-Fi Access Point Latitude Longitude Chanel 

00:09:5B:XX:XX:XX 40.765308 -73.967735 1 
02:22:C2:XX:XX:XX 40.765308 -73.967735 10 
20:AA:4B:XX:XX:XX 40.765308 -73.967735 11 
20:C9:D0:XX:XX:XX 40.765308 -73.967735 6 
58:6D:8F:XX:XX:XX 40.765308 -73.967735 11 
68:94:23:XX:XX:XX 40.765308 -73.967735 11 
90:84:0D:XX:XX:XX 40.765308 -73.967735 3 
B8:C7:5D:XX:XX:XX 40.765308 -73.967735 5 

 

The returned results demonstrated the potential to learn about the Wi-Fi profile of an 

environment through an image lookup. This also hints at the inverse operation of this lookup in 

which a list of Wi-Fi access points could return a set of images. 

5.5. Performance 

The CBIR implementation required a minimum of .286 seconds and a maximum of .464 

seconds per query image to perform feature extraction and then construct a histogram based on a 

k=70 codebook. The operation of searching with a query image required a minimum of .037 

seconds and a maximum of .155 seconds. In order to cut down on the search time the entire 

database is loaded at the begging of program execution into a multidimensional array. This 

eliminates the need for every query operation to require database access. The database contained 

three tables which were used to store data. 

Table 13. Database Information 
Table Entries  Columns 

Locations 1080  4 
Queries 21  4 
Features 1080  2 
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The locations table stored four pieces of information for each image in the corpus set: 

filename, field of view, latitude, and longitude. The queries table stored the same four pieces of 

information about each query image that was created. The features table stored the name of the 

image and the number of extracted features present in each image. The number of images in the 

corpus depend on the length of the routes from the .gpx files. The routes used in the prototype 

ended up having 1080 images in the corpus. Because the route through a corpus is much smaller 

than the corpus itself the query route only had 21 images.  

5.6. Functional Analysis 

As the prototype was a baseline implementation of a CBIR system it did not fully 

implement the requirements from Section IV. A summary of the implemented requirements is 

below: 

 

 

 

 

 



64 

 

Table 14. Prototype Requirement Coverage 
Requirement Implemented 
MSACS-F-##  

00 Yes 
01 No 
02 No 
03 No 
04 No 

MSACS-AC-##  
00 No 
01 No 
02 No 
03 No 

MSACS-M-##  
00 No 
01 No 
02 No 

MSACS-A-##  
00 Yes 
01 Yes 

MSACS-C-##  
00 Yes 
01 Yes 
02 Yes 
03 Yes 
04 Yes 
05 Yes 
06 Yes 

MSACS-AN-##  
00 No 
01 No 
02 No 

5.7. Conclusion 

The prototype CBIR system was relatively successful for image retrieval operations. The 

codebook size affected the results obtained. The larger codebook size seemed to provide better 

discrimination in image matching operations. These CBIR operations fed into the localization 

application to provide results based on the query images. Again the larger codebook size 

appeared to minimize the error obtained with the localization application. An image corpus was 



65 

 

created by a user and then a BoVW codebook was generated using extracted SIFT features and 

k-means clustering. The user then planned and created a path through the corpus and used the 

resulting images for prototype evaluation. The prototype used a subset of requirements from 

those presented in the SDD.  
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VI. Conclusion and Future Works 

Vision plays an important role in the human decision making process, but modern 

technology has caused information overload. Making a quick decision can be the difference 

between mission success and failure in a time sensitive and mission critical situations. The MSACS 

framework, supported by an assisted CBIR system, provides a way to search images quickly and 

bridge the sensor gap. 

6.1. Discussion of Results 

The proposed MSACS framework is compared against similar existing multimodal CBIR systems 

currently in use and the results obtained from the prototype are extended with a look at future 

work. Each contribution is evaluated and discussed based on the findings of this thesis. 

6.1.1. SDD 

The SDD was designed to act as an extension to the CBIR prototype presented in this 

thesis. The CBIR prototype performs the basic functionality of the desired framework. The SDD 

detailed how this prototype can be extended to create an extensible, modular approach to CBIR 

and incorporate inputs from many sensors to conduct search and retrieval operations. The SDD 

used IEEE 1016 as the guiding document and also implemented information from ISO IEEE 

29148 for creating requirements related to the framework. 

6.1.2. CBIR Prototype 

The CBIR prototype presented an approach to image search and retrieval using the 

BoVW method. This prototype was limited in the sense that it did not implement the assisted 
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CBIR functionality discussed in the SDD. The prototype however, was able to perform search 

and retrieval operations. The results of these operations were then fed into the localization 

application that was designed for the prototype. 

6.1.3. Localization Application 

The localization application used the results of the CBIR prototype to calculate and return 

a location to the user in latitude and longitude coordinates. This application was limited in the 

sense that it performed naïve calculations with regards to localization by averaging coordinates 

of returned images to calculate current position. This application does prove that the results of 

the CBIR operation can be fed into an independent application and implemented for some user-

defined function. 

6.2. Analysis of Alternatives 

Several CBIR systems and frameworks exist in the nebula of literature related to image 

search and retrieval. This current prototype only uses SIFT features as a means of search and 

retrieval. The trends in the literature for CBIR are tending towards multimodal search and retrieve 

operations.  

The results of the basic CBIR implementation drove the localization application and proved 

useful for future avenues of research. The precision and recall of the CBIR system did not perform 

as well comparable systems in the literature. The performance of the CBIR system was not the 

focus of this thesis. The overall system prototype performance is expected to improve with the 

addition of the assisted CBIR. The addition of the extensible sensor modules could also give the 

system greater utility. 



68 

 

 

 

Table 15. Analysis of Alternatives 
CBIR System Extensible Modes 

ElAlami [27] No Image Classification 
1st, 2nd, 3rd, 4th shape moments 

Al Kabary [28] No Query-by-example 
Query-by-sketch 
Keyword Search 

Kang [29] No Color 
Texture 
Shape 

MSACS Eventually SIFT Features 
Future user modules 

6.3. Future Work 

Future iterations of this work will aim to implement the core of the framework by focusing 

on the modularity and extensibility. Increasing the number of search terms per image in the form 

of sensors will allow fine-grained search and retrieval. This future work is broken down into three 

different research thrust areas. 

The MSACS framework is intended to be the main thrust of this research. The extensible, 

modular nature of the framework is expected to be the most difficult aspect in terms of coding and 

implementation.  

The prototype will need to implement additional modes of sensed information while also 

storing and performing search and retrieve operations. Adding more than a single node with 

sensors would be the next step in prototype implementation.  

The last thrust would be additional application development. The existing localization 

application would benefit from greater accuracy. Additional application development is also 

possible to expand the uses of the framework. 
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6.4. Conclusion 

The framework may potentially benefit DoD operations which rely on many sources of 

data to make a tactical decision. For a UAS mission this means fusing together raw environmental 

data to influence ISR operations and react to new stimuli while a command and control cell 

supervises. This framework could decrease time for target acquisition, identification, and order 

issuance. 

Our contribution of the modular framework provided the user with an extensible way to 

support image retrieval in a dynamic and sensor rich environment. A framework was designed and 

implemented for assisted CBIR system, incorporating state of the art core functionality using the 

Bag of Visual Words model. The evaluation of the prototype showed potential for image retrieval 

and cross sensor applications. Future studies will expand on the development of user interfaces 

and mechanisms for assisted CBIR across a wide array of potential applications. 

In future work the aim will be to improve search results and expand image repositories. 

Expanding MSACS with mechanisms to improve search through the multi sensor inputs on a 

Raspberry Pi prototype would be the next logical step. Panning live test experiments using real 

world imagery, magnetometers, RF receivers and other sensors to perform similar experiments, 

iteratively improving the core functionality of MSACS for assisted CBIR is another research 

avenue. 

6.4.1. Research Questions 

The prototype and the SDD provided a means to answer the research questions posed in 

Section 1.3. At a minimum an implementation of a CBIR system requires the functionality to 

query, compare, and report against images which already exist in an archive. Extending this 
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traditional CBIR implementation to an assisted CBIR paradigm would require at least one 

additional source of data to be used during the query operation. This source of data can be extracted 

from the content of an image itself or it can be collected from environment in which the image was 

captured. Collecting information from an environment requires a sensor to read and interpret the 

raw data. This sensor data is then associated with the original image capture and used as an 

additional method of discrimination in search and retrieve operations.  

The first question from Section 1.3 can be satisfied by expanding on the minimum CBIR 

implementation. In order to create an extensible software framework implementing the assisted 

CBIR functionality described above a modular approach needs to be taken. The modularity of the 

sensor modules in a framework will enable the desired extensibility. Thus the requirements needed 

to create an extensible software framework are: 

1. Accepting modules which implement a sensor’s data and the metadata of the sensor 

2. An assisted CBIR system capable of performing search and retrieve operations with more 

than one type of data 

The second question relating to the applicability of assisted CBIR can be answered by 

inspecting the preliminaries and background information presented in Section II and the prototype 

presented in Section V. As shown in [31-32] there are benefits to using assisted CBIR in the 

medical field to speed up and improve the accuracy of medical diagnoses. In [33] the authors use 

assisted CBIR for real-world disaster response situations. In [36] the authors discuss using assisted 

CBIR for law enforcement to compare several types of data simultaneously to aid in solving cases. 

Additionally the prototype presented in Section V implements image-based CBIR can be extended 

to include Wi-Fi data in search and retrieve operations. These wide arrays of applications all rely 

on data in order to function properly. The big data needs of hospital and law enforcement agencies 
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can be driven by the assisted CBIR system. Hospitals can inspect records from each other if they 

are in the same network. Law enforcement agencies use the same systems for record keeping and 

maintaining. The implementation of assisted CBIR will further drive big data requirements.  

The third question can be answered by looking at the prototype from Section V. The CBIR 

system supports a localization application that estimates latitude and longitude values based on the 

content of an image. Using a CBIR system, and by extension an assisted CBIR system, this 

information can be fed into large information repositories such as Wigle to pass latitude and 

longitude coordinates or information related to a Wi-Fi access point such as SSID to further refine 

positional accuracy.  

6.4.2. Contributions 

The contributions of this thesis were threefold: create an SDD which outlines an extensible 

software framework for assisted CBIR, prototype an assisted CBIR system, and a localization 

application driven by the assisted CBIR results. 

The SDD builds upon an existing CBIR system and provides requirements, descriptions, 

and diagrams with the intent of guiding future development. This SDD is intended for future thesis 

work and will guide development going forward. 

The prototype of the assisted CBIR system uses extracted image features in conjunction 

with latitude and longitude information to perform search and retrieval operations.  

The localization application uses the extracted image features along with the latitude and 

longitude information of the images in the return set drive a localization application. The 

localization routine uses the results of the return set to estimate a query images location within a 

corpus. When this localization application completes execution the estimates latitude and 
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longitude results are return to the user. The prototype evaluation revealed that this application can 

be accurate but that is not always the case.  

6.5. Findings 

The assisted CBIR implementations from [27-29] provide improved performance by using 

multimodal data for search and retrieve operations. The prototype presented benefits from the 

multimodal information fusion. This improved performance is expected to increase even more 

with the additional sensors. The additional sensors should improve system performance as seen 

from existing assisted CBIR implementations.  

6.6. Achievements 

This work formed the core of a faculty research council grant at AFIT. All work towards 

this thesis will be forwarded to the council for their future use. In addition, a portion of this work 

was accepted at the International Conference on Cognitive and Computational Aspects of 

Situational Awareness and Decision Support [38], to be presented in late March 2017.   
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Appendix A: Environment Setup 

The prototyping and experiment conducted in Section V used a virtual machine with the 

Ubuntu version 16.04 64-bit operating system. The environment was configured to contain 4 

cores each with 1 processor, 8 GB of RAM and 50GB of hard drive space. This appendix lists 

instructions to setup and configure the prototyping environment once the operating system has 

been installed. First, to install OpenCV the following commands need to be issued from the 

terminal: 

1. sudo apt-get update 

2. sudo apt-get upgrade 

3. sudo apt-get install build-essential 

4. sudo apt-get install python-tk 

5. sudo apt-get install cmake git libgtk2.0-dev pkg-config libavcodec-dev libavformat-dev 

libswscale-dev 

6. sudo apt-get install python-dev python-numpy libtbb2 libtbb-dev libjpeg-dev libpng-dev 

libtiff-dev libjasper-dev libdc1394-22-dev 

7. sudo apt-get install qt5-default 

8. cd ~/path/to/install/directory 

9. git clone https://github.com/opencv/opencv.git 

10. git clone https://github.com/opencv/opencv_contrib.git 

11. cd opencv 

12. mkdir build 

13. cd build 

https://github.com/opencv/opencv.git
https://github.com/opencv/opencv_contrib.git
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14. cmake -D CMAKE_BUILD_TYPE=RELEASE -D 

CMAKE_INSTALL_PREFIX=/usr/local -D 

OPENCV_EXTRA_MODULES_PATH=../../opencv_contrib/modules -D 

WITH_TBB=ON -D BUILD_NEW_PYTHON_SUPPORT=ON -D WITH_V4L=ON -D 

INSTALL_C_EXAMPLES=ON -D INSTALL_PYTHON_EXAMPLES=ON -D 

BUILD_EXAMPLES=OFF -D WITH_QT=ON -D WITH_OPENGL=ON -D 

ENABLE_FAST_MATH=1 .. 

15. sudo make install 

Now that OpenCV is installed there are module files required to implement the functions 

to enable CBIR. These module files can be installed Python’s pip function. To install the 

modules the following commands need to be issued: 

1. From the command line to install pip; sudo apt-get install python-pip  

2. pip install --upgrade pip 

3. sudo pip install cassandra-driver 

4. sudo pip install scipy 

5. sudo pip install geopy 

6. Install Basemap from http://matplotlib.org/basemap/users/installing.html (for map 

visualization, if desired) 

7. sudo pip install xmljson (module converts xml to json using multiple formats) 

8. sudo pip install matplotlib 

9. sudo pip install sklearn 

Once the modules have installed the Cassandra database software can be downloaded by 

issuing by doing the following: 

http://matplotlib.org/basemap/users/installing.html
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1. http://cassandra.apache.org/download/ and download 3.7. Or go to 
archive.apache.org/dist/Cassandra/3.7/ and download apache-cassandra-3.7-bin.tar.gz 

2. Extract to desired directory 

3. Java 8 is needed for Cassandra operation; sudo apt-get install default-jdk 

4. To begin Cassandra cd to the Cassandra/bin directory and execute ./cassandra 

Next, in order to generate .gpx files a route will need to be planned on Google Maps. The 
.gpx files are XML-like data representations of a planned route from Google Maps. To use these 
the following should be done: 

1. Plan a route on google maps with a starting and destination point 

2. Copy the URL of the route and go to the GPX website 
http://www.gpsvisualizer.com/convert_input 

3. Choose GPX as the output format 

4. Everything else can be ignored, just paste in the URL and click CONVERT 

5. Download the GPX file and use as desired 

  

http://cassandra.apache.org/download/
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