© Copyright 2021

Robert Laurenson



Method of Adding Color Information to Spatially-Enhanced, Bag-of-Visual-Words
Models

Robert Laurenson

A thesis
submitted in partial fulfillment of the

requirements for the degree of

Master of Science

University of Washington

2021

Committee:
Dr. Clark Olson
Dr. William Erdly

Dr. Min Chen

Program Authorized to Offer Degree:

Computing and Software Systems



University of Washington

Abstract

Method of Adding Color Information to Spatially-Enhanced, Bag-of-Visual-Words Models

Robert Laurenson
Chair of the Supervisory Committee:
Dr. Clark Olson

Computing and Software Systems

This thesis provides a late-fusing method, based on the HoNC (Histogram of Normalized Colors)
descriptor, for combining color with shape in spatially-enhanced-BOVW models to improve
predictive accuracy for image classification. The HONC descriptor is a pure color descriptor that
has several useful properties, including the ability to differentiate achromatic colors (e.g., white,
grey, black), which are prevalent in real-world images, and to provide illumination intensity
invariance. The method is distinguishable from prior late-fusing methods that utilize alternative
descriptors, e.g., hue and color names descriptors, that are lacking with respect to one or both of
these properties. The method is shown to boost the predictive accuracy by between about 1.9% -
3.2% for three different spatially-enhanced BOVW model types, selected for their suitability for
real-time use cases, when tested against two datasets (i.e., Caltech101, Caltech256), across a
range of vocabulary sizes. The method adds between about 150 — 190 mS to the models’ total

inference time.
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Chapter 1. INTRODUCTION

The Bag-of-Visual-Words (BOVW) model is one of the most successful approaches for
image classification available [1], [2], [3].  Despite the emergence of other machine learning
models such as convolutional neural networks (CNN), the BOVW model remains relevant for real-
time applications, such as traffic sign recognition and home intruder detection, where there is a
need to generate inferences in real time. For these applications, spatially-enhanced BOVW
models [5] provide performance that is competitive with, if not superior to, that provided by state-
of-the art CNN models [6], [7].

In Abdi et al. [5], for example, a real-time traffic sign detector based on a spatially-
enhanced BOVW model is reported as having a 90.48% recognition accuracy and 100 mS
inference time when tested against the GTSRB dataset of German traffic sign images. This
compares favorably with, if not exceeds, the performance of state-of-the-art CNN-based real-time
object detectors such as, for example, R-FCN, currently ranked #2 on the Facebook Al leaderboard
for real-time object detection using the PASCAL VOC 2007 dataset.! R-FCN is reported in Dai et
al. [6] as having a mAP (mean average precision) of 80.5% and 9 FPS throughput (equivalent to a
111.11 mS inference time) when tested against the PASCAL VOC 2007 dataset.

Specific use cases for spatially-enhanced BOVW models include 1) the image
classification stage of real-time object detection, which, according to the Facebook Al leaderboard
website, is “the task of doing object detection in real-time with fast inference while maintaining a
base level of accuracy”; and 2) machine learning applications where, due to privacy considerations

or the like, there is a need or desire to train the machine learning model on a resource-constrained

! https://paperswithcode.com/task/real-time-object-detection
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device, such as might be maintained in a home or at the edge of a cloud network, to avoid
transmitting sensitive data or images into the cloud interior where the dissemination thereof is
harder to control.

As illustrated in Figure 1.1, the traditional BOVW model represents an image with a
histogram encoding the frequency of occurrence of quantized object features called visual words
or codewords [4], [8]. To generate the histogram, the image is sampled at each of the intersection
points of a dense grid overlaid (conceptually) over the image, and a descriptor representing the
shape or intensity gradient of the image at the image patch located at that sample point is generated.
Each descriptor is quantized by mapping it to the closest one of the visual words, and then the
histogram bin corresponding to that visual word is incremented. This process is repeated at each

of the sample points. The result is a histogram representing the image, as depicted in Figure 1.1.

frequency

TLOASERLES B

codewords

Figure 1.1. Traditional BOVW model?.

2 https://towardsdatascience.com/bag-of-visual-words-in-a-nutshell-9ceea97ce0fb
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Quantization is required since all object features cannot be represented in the histogram,

only a finite number N. The set of N visual codewords is referred to as the model’s visual word
vocabulary or codebook. (Hereinafter, either N or m will be used to refer to vocabulary size,
depending on the context.) As illustrated in Figure 1.2, the process of quantizing descriptors of
object features into visual codewords introduces quantization error which can detract from model

performance.

A = quantization error

image :> detector descriptors ) quantizer > visual codewords

vocabulary
(N codewords)

Figure 1.2. Quantization into codewords.

A significant drawback of traditional BOVW models is that they lack spatial information
depicting the spatial distribution of object features in the image plane [1], [4]. The lack of spatial
information limits the predictive accuracy provided by such models for image classification.

For example, as can be seen in Figure 1.3, where the red squares represent SIFT descriptors
that map to the same visual word across four images from the Caltech101 dataset, without spatial
information, the helicopter is indistinguishable from either of the two motorbike images as all have

the same number (three) of instances of the visual codeword.
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However, when spatial information is included, then the helicopter image is distinguishable
from both motorbike images as the spatial distribution of the codewords in the helicopter image is

quite different from that in either of the two motorbike images.

Figure 1.3. Discriminative power of identical object features (reproduced from [2]).

To provide this advantage, spatially-enhanced BOVW models were introduced, e.g., [2],
[4], [5], [9]. Spatially-enhanced BOVW models add spatial information to the frequency
information encoded by the traditional BOVW histogram for the purpose of improving predictive
accuracy.

Examples of spatially-enhanced BOVW models include the multi-level spatial-pyramiding
representation [9], where the spatial information is in the form of absolute locations of object
features at multiple levels of granularity; the “single-level” variant of the spatial-pyramiding
representation [9], where the spatial information is in the form of absolute locations of object
features at a single level of granularity; and spatially-enhanced BOVW maodels [2], [4] where the
spatial information is in the form of angle and/or distance histograms depicting the relative
locations of object features as determined from pairwise comparisons of feature descriptors.

The inclusion of color offers yet another possibility for improving the predictive accuracy
of spatially-enhanced BOVW models, which traditionally have relied on shape alone [8], [10],
[14]. To this end, both early- and late-fusing methods have come to fruition for joining color with
shape in BOVW and related models [1], [8], [10]. With early-fusing, color and shape descriptors

are fused to form combination descriptors that are thereafter quantized and encoded into a
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histogram, while, with late-fusing, the color and shape descriptors are separately quantized and
encoded into distinct histograms, which are thereafter fused.

However, these methods have only incrementally and inconsistently been applied to
spatially-enhanced BOVW models, perhaps because there is a mistaken perception that only
spatial information relating to the spatial distribution of shape features adds discriminative power.
For example, Abdi et al. [5] describe a spatially-enhanced BOVW model for use in real-time traffic
sign recognition that renders image classification decisions based solely on shape information.

Elfiky et al. [1] report success from using an implementation of the late-fusing method to
join color with shape in a specialized (compact) variant of the multi-level spatial pyramiding
representation. However, Elfiky et al. [1] question whether this implementation is generalizable
to other model types. Moreover, Khan et al. [4], published subsequent to Elfiky et al. [1], still
identify the need for additional research regarding how to best incorporate “spatial information
provided by multiple cues e.g. color and shape” into spatially-enhanced BOVW models.

In light of the foregoing, there is a need for a method of using color to improve the
predictive accuracy of spatially-enhanced BOVW models for image classification that is
generalizable to many if not all of the models in this class. A primary application of the method
is the image classification phase of object detection [10].

This work is of interest to both practitioners and students of machine learning and computer
vision, particularly those interested in exploring machine learning models for real-time use cases
for which a convolutional neural network may not be optimal, or those who are interested in an

image classification model with a high degree of transparency and optimization opportunities.



Chapter 2. LITERATURE REVIEW

Color has been shown to yield excellent results when combined with shape for image
classification [10], [12]. Van de Weijer and Khan [8] compare and contrast early- and late-fusing
methods for combining color and shape in traditional BOVW models.

Elfiky et al. [1] report that, for a specialized (compact) variant of the multi-level spatial
pyramid model, late-fusing methods for combining color and shape outperform early-fusing
methods. Khan et al. [2], [4] report that it is still an open research question regarding how to best
use color and shape to improve performance of other types of spatially-enhanced BOVW models.

With respect to color descriptors, Khan et al. [10] recommend the use of a color descriptor
that explicitly represents color rather than merely projecting shape information onto separate color
channels. Kahn et al. [10] also report good results from using a particular color descriptor, the CN
(color names) descriptor, for object detection compared to a hue descriptor. Elfiky et al. [1]
similarly report use of the CN descriptor in their method. With a CN descriptor, RGB values are
mapped to real-world color names using a mapping that is learned from Internet search results
[13], rather than the specific dataset at hand.

Mansoori et al. [11] report good results from using a hue descriptor in a late-fusing method.
Van de Weijer and Schmid [14] as well recommend the use of a hue descriptor in the case when
the dataset colors are saturated.

Kopf et al. [15] describe an approach for enhancing the traditional BOVW model that does
not explicitly use a hue or color descriptor. In this approach, an image is divided into sub-groups,
each associated with a unique range of pixel hues, using hue-based masking, whereby a mask

associated with a range of hues is used to filter out all but the pixels whose hue falls within the
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range. A BOVW shape histogram is formed for each sub-group, and then all these histograms are
concatenated to form the final histogram for the image.

Olson et al. [16] and Olson and Zhang [17] report excellent results from using a particular
color descriptor (HoNC) for keypoint recognition. HoNC is distinguished from other color-related
descriptors, such as RGB-SIFT and OpponentSIFT, on the basis that these latter descriptors merely
provide shape information, in the form of intensity gradients, for individual color channels but not
color information per se.

Olson and Zhang [17] further report that, while HONC is invariant to illumination intensity,
it is not invariant to illumination color, which improves its discriminatory power. Also, in the
context of keypoint recognition, the concatenation of HONC and SIFT descriptors is identified as
a top-performing combination descriptor that captures both color and shape information.

Other more general or less salient references describe aspects of combining color with
shape and/or texture for purposes of content-based image retrieval, see [18], [19], [20], [21], or for
purposes of image classification, see [3], [22], [23], [24].

The work described herein builds upon the foregoing work to develop a novel late-fusing
method, featuring the HONC descriptor, for adding color to spatially-enhanced BOVW models to
improve image classification performance.

The use of the HONC descriptor distinguishes the method from prior late-fusing methods
[1], [11] that employ a hue and CN descriptor, respectively. Compared to a hue descriptor, as
detailed in Section 5.3, the HONC descriptor better handles achromatic colors, e.g., white, grey,
and black, which are prevalent in real-world images. Compared to a CN descriptor, the HONC
descriptor includes a formal mechanism, color normalization, for achieving illumination intensity

invariance, while the CN descriptor lacks such a formal mechanism [28].
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Through testing, we confirmed the method boosts the average-per-class predictive
accuracy by between about 1.9 — 3.2% in three diverse spatially-enhanced BOVW model types
over a range of vocabulary sizes, and also adds no more than about 150 — 190 mS to the models’
total inference time. In many cases, that increase should be low enough to keep the total inference
time with the range currently posted on the Facebook Al leaderboard for real-time object
detection.® Based on the foregoing, we believe the method is generalizable to a broad range of
model types, datasets and operating scenarios.
The method employs a late-fusion approach, which was found to outperform early-fusing
in the context of our testing environment. We provide a theoretical explanation based on
quantization error analysis to explain why the late-fusing approach outperforms early-fusing in

this context.

Chapter 3. METHOD

For our method, rather than rely on color alone, we elected to join color with shape. We
followed that approach because preliminary testing, summarized in Table 3.1, showed that a
“single-level” spatial pyramiding model, utilizing only SIFT (shape) descriptors, out-performed
that same model when configured to utilize only color-related descriptors (e.g., OpponentSIFT,
RGB-SIFT, HoONC, HoOWH).

For our shape descriptor, we used the SIFT descriptor given its excellent performance and
invariance properties, as reported in VVan de Weijer and Schmid [14]. The major decision points

for our method were: 1) whether to use early- or late-fusing; and 2) which color descriptor to use.

% https://paperswithcode.com/task/real-time-object-detection



Table 3.1. Performance of color descriptors compared to SIFT.

. Pred.
Descriptor Acc.
SIFT” 53.40%
OpponentSIFT™ | 53.22%
RGB-SIFT™ 52.28%
HoNC™ 36.19%
HoWH™ 19.16%

“See Table 3.2
“Based on a single run@N=200

3.1 EARLY VS. LATE FUSING

In early fusing, as depicted at the top of Figure 3.1, prior to quantization, color and shape
descriptors for a particular image patch are concatenated, optionally after applying relative weights
given by B and (1 — P), respectively, to the color and shape descriptors. The combination
descriptors are each quantized into a visual word using a combined shape/color vocabulary. The
visual words are then encoded into a histogram that forms the basis for an image classification

prediction for the image.

Color
descriptors

| L

Feature
extraction . £ Histogram Histo-
e Combine |—»=| Quantization |— generation gram
description
I f (1-p

Shape
descriptors

Figure 3.1. Early-fusing approach.
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With late fusing, depicted in Figure 3.2, color and shape descriptors for a particular image

patch are separately quantized into distinct color and shape visual words using different color and
shape vocabularies, respectively. The color and shape visual words are separately encoded into
corresponding histograms, which are then concatenated, optionally after applying relative weights
given by a and (1 — a), respectively, to the color and shape histograms. The combination histogram

forms the basis for an image classification prediction for the image.

Histogram

Gnlnr_ Quantization [—= e _l
descriptors
o
Feature <l
extraction Color ‘ L
description
|[l -a)
descriptors Quantization |—» Histogram

Shape
EEEE—— generation

= =
Shape
Vocah.

Figure 3.2. Late-fusing approach.

In choosing between early and late fusing for our method, we balanced design
simplification considerations with performance. We found that, while early fusing results is a
simpler, more efficient and more scalable design because it requires only a single vocabulary and
single processing path rather than two as with late fusing, late fusing significantly outperforms
early fusing due to the large quantization error that is introduced with early fusing, as explained in
Section 3.2. Accordingly, we adopted late fusing for our method despite the additional complexity

involved.
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3.2 QUANTIZATION ERROR CONSIDERATIONS

We found that the introduction of color through early fusing to a shape-only model, while
keeping the vocabulary size constant, significantly increases quantization error, as measured by
mean squared error (MSE), and that this increase in quantization error is accompanied by a
reduction in the model’s predictive accuracy. For example, for a vocabulary size of 200, a “single-
level” spatial pyramiding model based solely on the SIFT descriptor was found to have an MSE
of 78,579, and a predictive accuracy of 52.00%. However, when early fusing of HONC and SIFT
descriptors was introduced to that model while keeping the vocabulary size constant at 200, the
MSE increased to 140,591, and the predictive accuracy dropped from 52.00% to 47.01%, almost
a 5% reduction. We conjecture from these results that the increase in quantization error through
early fusing introduces error in the final histogram used to represent the image, which in turn
reduces the predictive accuracy of the model.

We further found this increase in quantization error could not be mitigated by modest
increases in the vocabulary size. For example, when we increased the vocabulary size from 200
to 800 in the previous example, the MSE dropped to only 121,878, far short of the original level
of 78,579. In fact, using parametric modeling [25] of the inverse relationship (represented by
equation 3.1) that has been determined to exist between the vocabulary size m and the MSE at
that vocabulary size, W, we estimate that the vocabulary size in this example would have to be
increased from 200 to roughly 55,000 in order to reduce the MSE to the original level of 78,579.

W,, x m?/® = Constant (3.1)

As this increase would result in an infeasible histogram length, we investigated whether

L2 normalization of the underlying descriptors could help lower the required increase in
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vocabulary size. We found that, while L2 normalization did in fact lower the required increase in
vocabulary size from 55,000 to 16,000, the increase in vocabulary size was still too large.

We next investigated the use of portmanteau vocabularies [8] [27] as a potential solution.
With portmanteau vocabularies, as detailed in Khan et al. [27], individual color and shape
vocabularies are first constructed in the traditional manner using K-means clustering. Then, the
joint probability distribution of the multiple cues is empirically estimated assuming conditional
independence between the multiple cues. Next, using the empirically-determined joint probability
distribution, a compact portmanteau vocabulary is formed by applying a DITC compression
algorithm to an expanded vocabulary that includes an entry for every possible combination of the
two individual vocabularies.

Using this approach, it was reported that, for a multi-cue scenario involving a color
vocabulary of 100 words and a shape vocabulary of 5,000 words, a portmanteau vocabulary was
constructed that included only 100 multi-cue words, far less than the 500,000 words implied by
enumerating every possible combination of the two individual vocabularies [27].

However, we ultimately rejected this approach because of its complexity, but also because
the performance gains that were reported, 2.8% and 5.4%, did not appear sufficient to overcome
the almost 5% deficit in performance we encountered due to early fusing of SIFT and HONC
descriptors, and add a reasonable boost.

For all the foregoing reasons, we concluded that, in our particular design, an early-fusing
approach for joining the HONC and SIFT descriptors was not tractable.* Accordingly, we opted

for a late-fusing approach for joining color with shape.

4 Although, in our case, quantization error was the dominant consideration in choosing late fusing over early fusing,
in other cases, additional factors might come into play that favor one or the other approach [1], [8], [10].
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3.3 CHoICE OF COLOR DESCRIPTOR

In choosing a color descriptor for our method, we narrowed our selection down to the
HoNC descriptor, given the successful use of that descriptor for keypoint matching as reported in
Olson et al. [16], Olson and Zhang [17]; the HOWH descriptor, given the use of hue descriptors
such as HOWH for content-based image retrieval as reported in Mansoori et al. [11]; and the CN
descriptor, given the use of that descriptor for image classification as reported in Elfiky et al. [1],
Khan et al. [10]. Of these three, we ultimately selected HONC because it seemed to do the best
job at balancing illumination intensity invariance and ability to distinguish achromatic colors, two
desirable properties for a color descriptor that, according to Van de Weijer and Schmid [28], are
often at cross-purposes.

More specifically, while HOWH, like HONC, utilizes a normalization procedure to achieve
illumination intensity invariance, HOWH weighs hue with saturation, to achieve robustness with
respect to achromatic colors, which have an undefined hue [14]. However, this also causes
achromatic colors to be ignored because these colors have low saturation [14]. Since achromatic
colors are prevalent in real-world images, accounting for up to 44% of all pixels according to some
estimates [28], we were concerned that selection of the HOWH descriptor would unduly limit the
generalizability of our method. Inthe HSV color model shown in Figure 3.3, the achromatic colors
appear along the value dimension of the model that runs vertically from the bottom to the top of
the figure. They are to be distinguished from the chromatic colors, which appear around the
periphery of the color wheel at the top of the figure.

Similarly, while the CN descriptor is able to distinguish between achromatic colors, it does
so at the expense of achieving illumination intensity invariance [28]. No such tradeoff is required

by the HONC descriptor.
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Another concern that weighed against the CN descriptor is that it utilizes a universal
mapping, learned from Internet search results, to map RGB values into pre-selected categories of
generic color names [10], [13], [28]. We were concerned that this universal mapping, not tied to
the specific dataset at issue, could introduce error and subjectivity into the image classification

process.

Figure 3.3. HSV color model®.

5 See http://learn.leighcotnoir.com/artspeak/elements-color/hue-value-saturation/
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3.4 FINAL DESIGN

The final design has a training stage and a testing stage. A block diagram of the training
stage is shown in Figure 3.4, and a block diagram of the testing stage is shown in Figure 3.5. Both
stages mirror the late-fusing approach.

In the training stage, a training set forms the input, consisting of 30 randomly selected
images from each class in the dataset. For each image in the training set, features are extracted
and described through a two-step process. In the first step, keypoints are formed on a spaced,
dense grid conceptually overlaying the image. In the second step, descriptors describing object
features within image patches located at the keypoints are formed, with SIFT descriptors

describing shape features, and HONC descriptors describing color features.

. T Histogram
Bolor_ — | Clustering | Quantization [ generation
descriptors o
Feature e, =20
Training extraction Color . SV
Set and Combine [—#={ Model
Vocah e
description : Training

-
Trained
SUM
Model

Shape - | (1-a)
descriptors . — istogram
—— | Clustering | Quantization —| generation

R
Shape
Figure 3.4. Block diagram of training stage.

Following first the upper path in the figure, K-means clustering is performed on the color

descriptors for all the images in the training set. In this process, the descriptors are mapped into
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N clusters in descriptor space, where N is a hyper-parameter set by the user. The centers of the
resulting clusters form N color visual words, which become the color vocabulary. The color
vocabulary is saved for later use during the testing stage. The color descriptors are then quantized
by mapping each to the closest color visual word. The color visual words for each image are then
encoded into a spatially enhanced color histogram using a spatially enhanced BOVW model.

Turning now to the lower path in the figure, similar to the color descriptors, K-means
clustering is applied on the shape descriptors for all the images in the training set. In this process,
the descriptors are mapped into N clusters in descriptor space, where N is the same hyper-parameter
as before. The centers of the resulting clusters form N shape visual words, which become the
shape vocabulary. The shape vocabulary is saved for later use during the testing stage. The shape
descriptors are then quantized by mapping each to the closest visual word. The shape visual words
for each image are then encoded into a spatially enhanced shape histogram using the same spatially
enhanced BOVW model used for the color descriptors.

The color and shape histograms for each image are then weighted, respectively, with the
values o and (1 — o), which are values set by the user, and the weighted histograms then
concatenated to form the histogram for the image. (In our final design based on the HONC color
descriptor, we set o to 0.20 after determining through testing that value optimized performance
compared to alternative settings of 0.40 and 0.10). The histograms for each of the images in the
training set, accompanied by corresponding image labels, are then used to train the SVM machine
learning model. The trained SVM model is stored for use during the testing stage.

Turning to Figure 3.5, the testing set that forms the input to the testing stage consists of 50

randomly selected images from each class that are independent of the training set. In the event
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that there are less than 50 such images available for a particular class, then only the remaining,
available images are included in the testing set for that class.

For each image in the testing set, feature extraction and description are performed through
the same two-step process described above, i.e., dense keypoint generation followed by color and
shape descriptor generation at the keypoint locations. The color descriptors follow the upper

processing path shown in the figure, while the shape descriptors follow the lower path.

—_— S 25 Histogram
Color Quantization [ generation

descriptors

Feature
Testing extraction SUM Update
set and Combine | Model —p={ Pred.
description Prediction Acc.

Shape | (1-a)
descriptors Quantization [—] Histogram

I generation
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Shape
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Figure 3.5. Block diagram of testing stage.

Beginning with the upper path, the color descriptors are quantized using the color
vocabulary from the training stage by mapping each color descriptor to the closest color visual
word. The color visual words for each image are then encoded into a spatially enhanced color
histogram using the same spatially enhanced BOVW model used during the training stage.

Turning to the lower path, the shape descriptors are quantized using the shape vocabulary

from the training stage by mapping each shape descriptor to the closest shape visual word. The
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shape visual words for each image are then encoded into a spatially enhanced shape histogram
using the same spatially enhanced BOVW model used above.

The color and shape histograms for each image are then weighted, respectively, with the
values a and (1 — a)), and the weighted histograms then concatenated to form the histogram for the
image. The histogram for the image is then input to the trained SVM model, which generates a
prediction of the image class. The predictions for each of the images are then compared to the
corresponding class labels to determine which predictions are correct and which are not. This

information is then used to determine the predictive accuracy for each class in the testing set.

3.5 REPRESENTATIVE EXAMPLES OF SPATIALLY-ENHANCED BOVW MODELS

In this section, we describe three representative examples of spatially-enhanced BOVW
models with which to test our method. Our goal was to select three representative examples that
would be appropriate for real-time use cases. In these descriptions, it is important to keep in mind
the distinction between the image histogram, which represents the entire image, and a spatial

histogram, which is a component of the image histogram associated with a particular codeword.

3.5.1  Single-Level SPR

Our first model is the “single-level” variant of the spatial pyramiding representation
described in Lazebnik et al. [9], where only the pyramid base is represented not the entire pyramid.
The image histogram generated for each image associates a single spatial histogram with each
visual codeword in the vocabulary. An example of this spatial histogram, suitable for a 300 x 300-
pixel image, is shown in Figure 3.6. The spatial histogram depicts the absolute X-Y locations of

the descriptors that map to the corresponding codeword. While a single spatial histogram is shown
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in Figure 3.6, it should be appreciated that, in an actual implementation, a spatial histogram will

be associated with each codeword in the vocabulary.

Figure 3.6. Example of spatial histogram for Single-Level SPR model.

As shown, the base of the spatial histogram is a 5 x 5 two-dimensional grid, where the
horizontal, or X, dimension of the base grid represents rows of the image plane, and the vertical,

or Y, dimension of the base grid represents columns of the image plane. Each cell of the grid
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corresponds to a range of spatial (X-Y) locations on the image plane and the height of the spatial
histogram at that cell indicates a count of the number of descriptors located at or within these
spatial locations that map to the visual word corresponding to the spatial histogram.

To populate the image histogram, each descriptor for the image is quantized by mapping it
to its closest visual word. The spatial histogram for that visual word is then located, and the
frequency count of the cell corresponding to the X- and Y-locations of the descriptor on the image
plane is incremented.

To determine the X-coordinate of that cell in the grid, the bucket size in the X-direction is
determined by dividing the width of the image by 5, the width of the grid in terms of number of
cells. The X-coordinate of the cell in the grid in then determined by taking the integer floor of the
result of dividing the X-component of the location of the center of the keypoint for the descriptor
by this bucket size.

Similarly, to determine the Y-coordinate of that cell in the grid, the bucket size in the Y-
direction is determined by dividing the height of the image by 5, the height of the grid in terms of
number of cells. The Y-coordinate of the cell in the grid is then determined by taking the integer
floor of the result of dividing the Y-component of the location of the center of the keypoint for the
descriptor by this bucket size.

This process is repeated for each of the descriptors corresponding to the image. The result
is an image histogram representing the image that is infused with spatial information (the spatial
histograms corresponding to each visual word in the vocabulary) encoding the absolute X, Y
locations of the descriptors on the image plane.

The complexity of the algorithm for generating the histogram is 0(n), where n is the

number of descriptors for the image. The dimensionality of the histogram is 25m, where m is the
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size of the vocabulary in terms of number of visual words. Hereinafter, this model type will be
referred to as “Single-Level SPR” where SPR stands for “Spatial Pyramid Representation”.

We selected this model type because of its performance relative to the traditional BOVW
model, its computational efficiency, and also because of its unique design. Beginning with model
performance, Table 3.2 shows the predictive accuracy of the Single-Level-SPR model relative to
the traditional BOVW model. Although these test results do not reflect later optimizations that are
reflected in the data reported in Chapter 5, they still provide valuable insight as to why this model
type was selected.

Table 3.2. Performance of Single-Level SPR model.

Dataset Vocab Single-Level SPR
size
Pred. Acc”™ | Hist gen Boost | Dim.
time (mS)”
Caltech101 U o U o

100 51.1311.04]9.35 |0.06 |10.86 | 2500
200 53.40 | 1.51 | 10.65 | 0.04 | 8.39 | 5000
400 54.7711.11|13.62 | 0.41 | 6.09 | 10000

1000 |55.28 | 0.66 | 20.97 | 0.30 | 3.84 | 25000
*Computed over 10 runs

The bolded values in Table 3.2 show the spatial information included in the Single-Level-
SPR model substantially boosts the predictive accuracy at each of the vocabulary sizes tested
compared to the traditional BOVW model. Although the size of the boost drops as vocabulary
size increases, the boost in performance at each level of vocabulary size is still substantial, which
weighs in favor of including this model.

The second factor that weighs in favor of including this model is its computational
efficiency, meaning that the spatially-enhanced model is capable of achieving any particular
predictive accuracy at a reduced vocabulary size compared to the traditional BOVW model. This

computational efficiency is implied by the positive boost values at each of the vocabulary sizes in
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Table 3.2. If the spatial information responsible for these boosts were to be eliminated by reverting

to a traditional BOVW model, the only way to maintain the predictive accuracy at the current level
would be to increase the vocabulary size.

The third factor that weighs in favor of including this model is its unique design that

differentiates it from the other models, namely, that it provides only a single spatial histogram for

each codeword in the vocabulary. This factor facilitates the real-time performance of the model

relative to that of the other models, which maintain more than one spatial histogram per codeword.

3.5.2  Single-Level-SPR/HPS-Lite

Our second model combines the foregoing Single-Level SPR representation with a
modification of the HPS*"® representation, described in Khan et al. [4], which will hereinafter
be referred to as “HPS-Lite”, where HPS stands for “Hard Pairwise Similarity.”® The combination
will be referred to as Single-Layer SPR/HPS-L.ite.

As shown in Figure 3.7, the image histogram generated for each image associates two
spatial histograms with each visual word in the vocabulary, the Single-Level SPR spatial histogram
shown in blue and the HPS-Lite spatial histogram shown in red. The structure and manner of
populating the Single-Level SPR spatial histogram was described in the previous section and will
not be repeated here. Instead, we focus our attention on the HPS-L.ite spatial histogram.

The HPS-Lite spatial histogram is generated from a pairwise comparison of all the
descriptors that map to the visual codeword to which the spatial histogram corresponds. It depicts
the relative locations (i.e., in terms of distance and angle) between these pairs of descriptors, and

is intended to complement the information represented by the Single-Level SPR histogram, i.e.,

& The modification consists of the elimination of a hard Gaussian weighting step described in Khan et al. [4] that we
considered unnecessary and to detract from real-time performance.
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absolute X-Y locations of the descriptors that map to the visual codeword to which the spatial

histogram corresponds.

Figure 3.7. Concatenated spatial histogram for Single-Level-SPR/HPS-Lite model.

Turning to Figure 3.8, depicting an expanded view of the HPS-Lite spatial histogram
shown in Figure 3.7, the base of the HPS-L.ite spatial histogram consists of a 5 x 5 two-dimensional
grid, where the horizontal (or X) dimension represents the distance between pairs of descriptors
that both map to the visual word to which the spatial histogram corresponds, and the vertical (or

Y) dimension represents the angle between such pairs of descriptors.
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Figure 3.8. Expanded view of spatial histogram for HPS-L.ite.

The process for populating such spatial histograms is depicted in Figure 3.9. As illustrated,

it is assumed that each of the incoming descriptors have each been mapped to its closest visual
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word, and then ordered. An outer loop and an inner loop are executed to compare each descriptor

di in the ordered list with all descriptors dj ahead of d; in the ordered list (i.e., all dj, where j > i).

Y
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Quantized comparing
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descriptors descriptor d,
with each dl.
ahead of it
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e

More?

|

Calculate
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distance D,

Increment
cell in spatial
histogram for
Aij and l)ij
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Figure 3.9. Process flow diagram for populating HPS-L.ite spatial histogram.

If two such descriptors match, i.e., both map to the same visual word, the Euclidean

distance Dj; between the pair in image space is calculated, as well as the angle Aj; between the pair

relative to the horizontal. These distance and angle values are calculated by “constructing” a vector

between the pair and then taking Dj;j as the length of this vector, and Ajj as the angle of this vector

relative to the horizontal. The HPS-Lite spatial histogram corresponding to the visual word to

which the pair of descriptors match is retrieved, and then the count in the cell corresponding to

these distance and angle values is incremented.

To determine the X-coordinate of that cell, the bucket size in the X-direction is determined

by dividing the length of the image diagonal, which sets the maximum distance between any two

descriptors, by 5, the width of the grid in terms of number of cells. The X-coordinate of the cell

is then determined by taking the integer floor of the result of dividing the distance between the

pair of descriptors Djj by this bucket size.
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To determine the Y-coordinate of that cell, the bucket size in the Y-direction is determined
by dividing the maximum angle between any pair of descriptors, which is 180°, by 5, the height
of the grid in terms of number of cells. The Y-coordinate of the cell is then determined by taking
the integer floor of the result of dividing the angle between the pair of descriptors Ajj by this bucket
size. Once the X- and Y- coordinates of the cell are determined, the count in this cell is
incremented.

The specifics of the angle calculation are shown in Figure 3.10. In the figure, V denotes
the vector that is constructed between the pair of descriptors d; and d; in the X-Y image plane.
The left portion of the figure represents the situation where the dot product of V and i,, the unit
vector in the Y-direction, is greater than O (i.e., V is pointing downwards from d; to d;) and the

right portion of the figure represents the situation where this dot product is less than or equal to 0

(i.e., Vis horizontal or pointing upwards from d; to d;).

v
Y

vector V

vector V

if Fi>0 if Fi <0

Figure 3.10. Specifics of angle calculation.



27
In the situation on the left, the angle ® is given by the following equation, where i, is the
unit vector in the X-direction, V - i, is the dot product between V and i,., and ||V|| is the magnitude

of V:

® = arccos (V ' i"/”V”) (3.2)

In the situation on the right, the angle ® is given by the following equation, where again V - i, is

the dot product between V and i,, and ||V|| is the magnitude of V:
B Vi
O=m— arccos( x/llVll) (3.3)

These calculations ensure that the numerical value of the angle ® will be invariant to whichever
direction the vector V is pointing, from d; to d; or vice-versa.

After an HPS-Lite spatial histogram corresponding to a visual codeword has been
populated, it is normalized, as described in Khan et al. [4], so that it is given equal weight compared
to the corresponding Single-Level SPR spatial histogram. If b; represents the number of
descriptors that map to this visual word, normalization occurs by multiplying each count in the
grid by the ratio of b;, and (b; X (b; — 1))/2, the number of pairs of those descriptors, which
simplifiesto 2/(b; — 1).

Once normalized, the HPS-L.ite spatial histogram is concatenated with the corresponding
Single-Level SPR spatial histogram for the same visual codeword, after which L1 normalization
of the concatenation is performed. The result is a concatenated spatial histogram for the
corresponding visual word.

This normalization and concatenation procedure is repeated for each of the HPS-Lite
spatial histograms. The result is an image histogram representing the image that is infused with
spatial information encoding both the absolute and relative locations of the descriptors on the

image plane.
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The complexity of the algorithm for generating the image histogram is 0 (n?), where n is
the number of descriptors for the image. The dimensionality of the final histogram is 50m, where
m is the vocabulary size in terms of number of visual words.

As with the Single-Level SPR model, we selected this model due to its performance relative
to the traditional BOVW model, its computational efficiency, and its unique design. Beginning
with performance, Table 3.3 shows the performance, in terms of predictive accuracy, of the Single-
Level-SPR/HPS-Lite model relative to the traditional BOVW model. As with Table 3.2, although
these test results do not reflect later optimizations that are reflected in the data reported in Chapter
5, they still provide valuable insight as to why this model was selected.

Table 3.3. Performance of Single-Level-SPR/HPS-L.ite.

Dataset Vocab Single-Level-SPR/HPS-L.ite
size
Pred. Acc™ | Hist gen Boost | Dim.
time (mS)”
Caltech101 U o U )y

100 52.75 (111 13.34|0.25 | 11.68 | 5000
200 54.15 | 1.36 | 13.89 | 0.20 | 9.14 | 10000
400 55.63 | 1.11 | 16.08 | 0.49 | 6.95 | 20000

1000 | 56.03 | 0.66 | 22.98 | 0.56 | 4.59 | 50000
“Computed over 10 runs

The bolded figures show the Single-Level-SPR/HPS-Lite model substantially boosts the
predictive accuracy compared to the traditional BOVW model at each of the vocabulary sizes
tested, which weighs in favor of including this model.

In fact, as can be seen by comparing the bolded values of Table 3.3 with those of Table
3.2, the boost from the Single-Level SPR/HPS-Lite model exceeds that from the Single-Level SPR
model by between about 0.75 — 1.62%, suggesting here is a synergistic effect resulting from the
complimentary nature of the spatial information encoded by the two histograms that are

concatenated in this model, consisting, respectively, of the absolute and relative locations of object
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features on the image plane. The complimentary nature of this information, which is noted in
Khan et al. [4], further weighs in favor of including this model.

Turning to computational efficiency, once again, compared to the traditional BOVW
model, the Single-Level-SPR/HPS-Lite model is capable of achieving any particular predictive
accuracy at a reduced vocabulary size compared to the traditional BOVW model. As with Table
3.2, this computational efficiency is implied by the positive boost values at each level of
vocabulary size for the Single-Level SPR/HPS-Lite model.

The third factor that weighs in favor of including this model is its unique design that
differentiate it from the other models, namely, that it provides two spatial histograms for each
codeword in the vocabulary, one depicting the absolute locations in the image plane of the
descriptors that map to this codeword, the other depicting the relative locations in the image plane

of the descriptors that map to this codeword.

3.5.3 Multi-Level SPR

Our third model is the Multi-Level Spatial Pyramiding Representation of Lazebnik et al.
[9], where, in our particular implementation, the parameter L, indicating the number of levels
beyond the base level, is set to 2, for a total of 3 levels. At this setting, an image histogram is
generated that associates each visual word in the vocabulary with three spatial histograms, a1 x 1
spatial histogram, corresponding to level 0, a 2 x 2 spatial histogram, corresponding to level 1, and
a 4 x 4 spatial histogram, corresponding to level 2. Through this association between visual words
and spatial histograms, a total of 21 bins are allocated in the image histogram for each visual word.

An example of the three-level spatial pyramiding representation depicting this association
between visual words and spatial histograms is shown in Figure 3.11. In this example, there are

three visual words, indicated by circles, diamonds, and crosses. At the bottom left, three 1 x 1
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spatial histograms are depicted corresponding, respectively, to the circle, diamond, and cross
visual words. At the bottom center, three 2 x 2 spatial histograms are depicted corresponding,
respectively, to the circle, diamond, and cross visual words. Lastly, at the bottom right, three 4 x

4 spatial histograms are depicted corresponding, respectively, to the circle, diamond, and cross

visual words.
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Figure 3.11. Example of a three-level spatial pyramid (reproduced from [9]).

To populate the image histogram, each descriptor from the image is quantized by mapping
it to its closest visual word, and then all three of the spatial histograms corresponding to that visual
word are located. Next, the appropriate cell in each of these spatial histograms is incremented.

In the case of the 1 x 1 spatial histogram, there is only one cell, so the count for that single
cell is incremented. In the case of the 2 x 2 histogram, of the 4 possible cells, the cell corresponding
to the (X, Y) location of the keypoint center for the descriptor in the image plane is incremented.

In the case of the 4 x 4 spatial histogram, of the 16 possible cells, as with the 2 x 2 spatial histogram,
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the cell corresponding to the (X, Y) location of the keypoint center for the descriptor in the image
plane is incremented.

Each of the spatial histograms is also weighted based on their granularity. Since the 4 x 4
spatial histogram is the most granular, it is weighted by 1/2, while the 1 x 1 and 2 x 2 spatial
histograms are both weighted by 1/4. This process is repeated for each of the descriptors for the
image.

As a result of the foregoing, an image histogram representing the image is generated that
is infused with the absolute locations of the descriptors in the image plane, at multiple levels of
granularity. The complexity of the algorithm for generating this histogram is 0 (n), where n is the
number of descriptors for the image.

The dimensionality of the resulting histogram is 21m, where m is the vocabulary size in
terms of number of visual words. Hereinafter, this model type will be referred to as “Multi-Level
SPR”.

We included this model because it is the most notable paradigm in this area [4], and also
because of its unique design that differentiates it from the other models, namely, that it provides
three spatial histograms, at multiple levels of granularity, for each codeword in the vocabulary,
depicting the absolute locations in the image plane of descriptors that map to this codeword. The
multiple levels of granularity are reported to provide a statistically significant boost in performance

compared to the Single-Level SPR model [9].

Chapter 4. EXPERIMENTS

In this section, we discuss the datasets used for testing, our platform, implementation

details and our experimental protocol.
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4.1 THE DATASETS

Two datasets were used for testing, Caltech101 and Caltech256. Caltech101 contains
9,146 images split between 102 image categories.” There are between 40 and 800 images per
category; most categories have about 50 images. Caltech101 has been widely tested, [4], [9], and
is used here to facilitate comparison with these earlier works. Caltech256 consists of 30,607
images distributed over 257 image categories.® The minimum number of images in any category
is 80.

The complexity of each of these datasets, in terms of number of classes, is believed
comparable with that of the two datasets, PASCAL VOC 2007 and COCO, that are currently being
use for benchmarking by Facebook Al in the field of real-time object detection®. PASCAL VOC
2007 in particular has 20 classes, while COCO has 80 classes. We considered Caltech101 and
Caltech256 to be better suited to the problem at hand, which is image classification not object

detection per se.

4.2 PLATFORM

The hardware platform is a Windows 10 PC, with a multi-core Intel 1.6GHz processor,
12GHz of RAM, and a 64-bit operating system. Our software platform is based on an OpenCV
4.1.1 library including the extra modules for SIFT and SURF. To this library, we added HoONC,
HoWH, RGB-SIFT, OpponentSIFT, SPIN, HoNI, CHoNI, and CSPIN descriptor code modules

and several utility code modules, which we obtained from GitHub.

7 http://www.vision.caltech.edu/Image_Datasets/Caltech101/
8 http://www.vision.caltech.edu/Image_Datasets/Caltech256/
® https://paperswithcode.com/task/real-time-object-detection
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For our software development environment, we used the Community version of Visual

Studio 2019. In this development environment, we built our testing software in C++. We started

with C++ code for testing the traditional BOVW model obtained from GitHub'°, and added the

following functionality in order to facilitate testing of spatially-enhanced BOVW models, with

and without color included:

the three spatially-enhanced BOVW models outlined in Section 3.5

a front end allowing a user to select model type and set hyper-parameters and/or
operating parameters

early- and late-fusing methods to join color and/or texture with shape in any of
these models

code that randomly selects independent training and test sets from the dataset at
hand for a particular run, with 30 images in the test set for each category, and up
to 50 images in the training set for each category

code for accumulating statistics from a predetermined number, e.g., 10, of runs of
a particular model

code for implementing a dense detector, which was not available in OpenCV

411

4.3 |IMPLEMENTATION DETAILS

For Caltech101, following the experimental setup of Khan et al. [4] and Lazebnik et al. [9],

we used a single-scale dense detector for sampling the image. As a dense detector is not native to

10 https://github.com/hkhojasteh/Bag-of-Visual-Words
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OpenCV 4.1.1, to implement the dense detector, we added the following C++ code to our testing
software:

vector<KeyPoint> keypoints;
for (inty = STEP; y < test_img.rows - STEP; y += STEP) {
for (int x = STEP; x < test_img.cols - STEP; x += STEP) {
keypoints.push_back(KeyPoint(float(x), float(y), KP_SIZE));

¥
For Caltech101, we set STEP to 8 and KP_SIZE to 6, to effect sampling of an image every

8 pixels in the X- and Y- directions, using a keypoint size of 6 pixels, which, we understand,
translates in OpenCV to a 24-pixel descriptor patch. This marks a difference with the experimental
setup of Lazebnik et al. [9], which sampled over 16-pixel descriptor patches.

For training, we randomly selected 30 images per category. For testing, we selected all the
remaining images for the category if there was less than 50, and otherwise randomly selected 50
images from the remainder for the category. We also followed the recommendation in Lazebnik
et al. [9] of suspending the usual SIFT normalization procedure for weak patches.

We used K-means clustering to construct the vocabularies. For our machine learning
prediction model, we used the multi-class SVM model with the intersection kernel selected and
with the cost parameter C optimized using a grid search and 10-fold cross-validation on the training
set.

For Caltech256, we used the same, single-scale dense detector as for Caltech101, but with
the STEP parameter set to 12 pixels rather than 8, in order to keep the number of descriptors per
image at about 1,050, which we experienced with Caltech101, but that was exceeded with
Caltech256 using 8-pixel spacing. We avoided using the multi-scale dense descriptor

recommended in Khan et al. [4] for Caltech256 because that would have required us to change our
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platform from OpenCV to VLFeat. We found the single-scale dense detector was sufficient for us
to achieve our objective of measuring the boost in performance from adding color when testing
the Caltech256 dataset.

For training, as with Caltech101, we randomly selected 30 images per category, and, for
testing, 50 images per category from the remaining images. We also followed the recommendation
in Lazebnik et al. [9] of suspending the usual SIFT normalization procedure for weak patches.

As with Caltech101, we used K-means clustering to construct the vocabularies. For our
machine learning prediction model, we again used the multi-class SVM model with the
intersection kernel selected and with the cost parameter C optimized using a grid search and 10-

fold cross-validation on the training set.

4.4 EXPERIMENTAL PROTOCOL

For each dataset and model, over a range of vocabulary sizes, we measured the model’s
average-per-class predictive accuracy*! without including color, measured the model’s average-
per-class predictive accuracy with color included through our late-fusing method, and then took
the difference between these two measurements to determine the boost in the model’s performance
from including color.

For selected ones of the model configurations, i.e., those we considered to be top-
performing, we also measured average-test-time-per-image without including color, measured

average-test-time-per-image with color included using our late-fusing method, and then took the

11 The alternative performance measurement, the percentage of all test images classified correctly, can give biased
results if the size of test set varies considerably by size, as is the case with Caltech101 [9].
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difference between these two measurements to determine the increase in the model’s inference

time from including color.*?

Chapter 5. RESULTS

5.1 BOOST IN PERFORMANCE - CALTECH101

Table 5.4 shows the boost in performance that results from using our late-fusing method
to include color in the Single-Level SPR model; Table 5.5, the boost in performance that results
from using our late-fusing method to include color in the Single-Level-SPR/HPS-Lite model,;
and Table 5.6, the boost in performance that results from using our late-fusing method to include
color in the Multi-Level-SPR model. The test results show the boost in performance from using

our late-fusing method to include color ranges between about 1.90 — 2.50% for all three model

types.
Table 5.4. Test results for Single-Level SPR relative to Caltech101.
Dataset | Vocab size Single-Level-SPR
Pred. Acc. w/o color” | Pred. Acc. w/ color” | Boost
Caltech101 M c M c

100 58.65 1.05 60.95 1.26 2.30
200 59.42 0.72 61.76 0.78 2.34
400 59.56 0.76 61.64 0.91 2.08

*Computed over 10 runs
Compared to the test data presented in Section 3.5, the test data here reflects the results of
several optimizations and fine-tuning to improve performance. However, one effect of these

improvements is that they mask the differences between the model types that were more apparent

12 Since the average-test-time per image includes the 1/0 time required to retrieve the test image from disk or cloud
storage plus the inference time, and this 1/0O time is invariant to whether color is included or not, the difference
between these two measurements is the increase in the model’s inference time.
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in the test data reported in Section 3.5. For example, in Section 3.5, Single-Level-SPR/HPS-L.ite
is reported as outperforming Single-Level SPR by 0.75% at N=200, which we attribute to the
complementary nature of the spatial information provided in that model, consisting of absolute
and relative locations of object features.

Table 5.5. Test results for Single-Level-SPR/HPS-L.ite relative to Caltech101.

Dataset | Vocab size Single-Level-SPR/HPS-Lite
Pred. Acc w/o color” | Pred. Acc. w/ color” | Boost

Caltech101 M o M o
100 58.64 1.25 60.92 1.03 2.28
200 59.38 0.91 61.33 0.68 1.95
400 58.28 1.31 60.33 1.08 2.05

*Computed over 10 runs

Table 5.6. Test results for Multi-Level SPR relative to Caltech101.

Dataset | Vocab size Multi-Level SPR
Pred. Acc w/o color” | Pred. Acc. w/ color” | Boost
Caltech101 U c U c
100 57.31 1.01 59.33 0.94 2.02
200 58.27 0.68 60.72 0.50 2.45
400 59.02 1.15 60.95 0.93 1.93

*Computed over 10 runs

However, in the current test results, at N=200, Single-Level-SPR/HPS-L.ite is reported as
slightly underperforming Single-Level SPR. We conjecture that one of our optimizations, which
resulted in reducing the keypoint size in the dense detector from 16 to 6 pixels, is responsible for
flipping the results between these two model types.

Another effect of these improvements is that the performance of several of the model
configurations now peaks at N=200, for example, Single-Level-SPR with color, and Single-Level-
SPR/HPS-Lite with and without color. This is actually more consistent with what is reported in

the literature. For example, Khan et al. [4] reports their HPS"® model as peaking at N=200
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when tested against Caltech101, and Lazebnik et al. [9] also reports their spatial pyramiding
models as peaking at N=200.

This peaking occurs because, at N=200, the model histograms have high dimensionality,
at least 5000 in each case. Since only about 1050 descriptors are generated for each image, the
model histograms start to become sparsely populated at N=200. We conjecture that the reason this
peaking was not more apparent in the data in Section 3.5 is because, with that data, each descriptor
represented a larger patch.

Another observation from these results is that here, Multi-Level SPR is reported as
underperforming Single-Level SPR, whereas in Lazebnik et al. [9], their multi-level spatial
pyramiding model is reported as outperforming single-level spatial pyramiding. We conjecture
that the flipping of these results can be explained by the fact that, in our models, the sole level in
Single-Level SPR has a 5 x 5 granularity that exceeds the 4 x 4 granularity of the base level in
Multi-Level SPR, whereas, in Lazebnik et al. [9], the granularity of the base layer of their multi-

level model and that of the sole level of the single-level model are the same, i.e., 4 x 4.

5.2 BOOST IN PERFORMANCE - CALTECH256

Table 5.7 shows the boost in performance that results from using our late-fusing method to
include color in the Single-Level-SPR model; Table 5.8, the boost in performance that results from
using our late-fusing method to include color in the Single-Level-SPR/HPR-Lite model; and Table
5.9, the boost in performance that results from using our late-fusing method to include color in the
Multi-Level-SPR model. The test results show the boost in performance from using our late-fusing
method to include color ranges between about 1.90 — 3.20% for all three model types.

An interesting observation is that, for all but one model instance, Multi-Level SPR

without color, model performance peaks at N=100 rather than N=200 as with the Caltech101
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results. We believe this difference is due to the 12-pixel spacing used in the dense detector for
our Caltech256 testing, compared to the 8-pixel spacing used with our Caltech101 testing, which
causes the histograms to become sparely populated at a lower vocabulary size with Caltech256
compared to Caltech101.

Table 5.7. Test results for Single-Level SPR relative to Caltech256.

Dataset | Vocab size Single-Level SPR
Caltech256 Pred. Acc w/o color” | Pred. Acc. w/ color” | Boost
50 21.09 23.78 2.69
100 22.48 25.17 2.69
200 22.36 24.48 2.12

*Computed over a single run

Table 5.8. Test results for Single-Level-SPR/HPS-L.ite relative to Caltech256.

Dataset | Vocab size Single-Level-SPR/HPS-Lite
Caltech256 Pred. Acc w/o color® | Pred. Acc. w/ color® | Boost
50 22.38 24.79 241
100 23.41 25.64 2.23
200 22.74 24.62 1.88
“Computed over a single run
Table 5.9. Test results for Multi-Level SPR relative to Caltech256.
Dataset | Vocab size Multi-Level SPR
Caltech256 Pred. Acc w/o color® | Pred. Acc. w/ color® | Boost
50 21.26 23.87 2.61
100 22.77 25.98 3.21
200 22.98 25.78 2.80

“Computed over a single run

5.3 COMPARISON WITH ALTERNATIVE COLOR DESCRIPTORS

When a hue descriptor, HOWH, is substituted for HONC in our late-fusing method, as
shown in Table 5.10, the boost in performance for each of the models drops significantly. In

particular, the boost in performance for the Single-Level SPR model drops from 2.34 to 0.82, that
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for the Single-Level SPR/HPS-Lite model drops from 1.95 to 0.77, and that for the Multi-Level
SPR model drops from 2.45 to 0.65.

To test whether these differences are statistically significant, for each model type, we
performed a two-sample t-test to compare the mean boost in performance from two samples. The
first sample consisted of 7 independent runs at N = 200 to measure the mean boost in performance
from the HONC descriptor, which was 2.24, 1.99 and 2.46, respectively, for the Single-Level SPR,
Single-Level SPR/HPS-Lite, and Multi-Level SPR models. The second sample consisted of 3
independent runs at N = 200 to measure the mean boost in performance from the HoWH descriptor,
which was 0.82, 0.77, and 0.64, respectively, for the Single-Level SPR, Single-Level SPR/HPS-
Lite, and Multi-Level SPR models. All the requirements for the two-sample t-test were met. In
particular, each run was independent of all the others, the data appeared to be normally distributed
as confirmed by histogram and Q-Q plots, the data was generated using a random sampling
method, and the data in the two samples had about the same sample variance.

Table 5.10. Test results for Caltech101 with HoWH substituted for HoNC.

Dataset Model Performance
Caltech101 Pred. Acc Pred. Acc. Boost from hue
w/o hue’ w/ hue”

Single-Level SPR 59.44 60.26 0.82
[drop from 2.34]

Single-Level 59.07 59.84 0.77
SPR/HPS-L.ite [drop from 1.95]

Multi-Level SPR 58.27 58.92 0.65
[drop from 2.45]

*Computed over three runs at N=200 with a set to 0.05

The null hypothesis is that the mean boost in performance from the two samples is the
same, and the alternative hypothesis is that the mean boost from HoWH is less than that for HONC.
The one-tailed p values were 0.000216, 0.007487, 0.002118, respectively, for the Single-SPR,

Single-Level SPR/HPS-Lite, and Multi-Level SPR models, indicating that the null hypothesis can
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be rejected in all three cases at a 1% significance level. These results confirm that HONC
significantly outperforms HoWH in our method relative to Caltech101.

When color normalization in HONC is disabled, as shown in Table 5.11, the boost in
performance for each of the models again drops significantly. In particular, the boost in
performance for the Single-Level SPR model drops from 2.34 to 0.89, that for the Single-Level
SPR/HPS-Lite model drops from 1.95 to 1.05, and that for the Multi-Level SPR model drops
from 2.45 to 1.75.

To test whether these differences are statistically significant, we again performed a two-
sample t-test to compare the mean boost in performance from two samples. The first sample
consisted of 7 independent runs at N = 200 to measure the mean boost in performance from the
HoNC descriptor, which was 2.24, 1.99, and 2.46, respectively, for the Single-Level SPR, Single-
Level SPR/HPS-Lite, and Multi-Level SPR models. The second sample consisted of 3
independent runs at N = 200 to measure the mean boost in performance from the HoNC descriptor
with color normalization disabled, which was 0.89, 1.05, and 1.75, respectively, for the Single-
Level SPR, Single-Level SPR/HPS-Lite, and Multi-Level SPR models. As before, all the
requirements for the two-sample t-test were met. In particular, each run was independent of the
others, the data appeared to be normally distributed as confirmed by histogram and Q-Q plots, the
data was generated using a random sampling method, and the data in the two samples had about
the same sample variance.

The null hypothesis is that the mean boost from the two samples is the same, and the
alternative hypothesis is that the mean boost from HoNC with color normalization disabled is less
than that for HONC. The one-tailed p values were 0.000224, 0.027864, 0.060417, respectively,

for the Single-SPR, Single-Level SPR/HPS-L.ite, and Multi-Level SPR models, indicating that the
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null hypothesis in the first case can be rejected at a 1% significance level, that for the second case
can be rejected at a 5% significance level, and that for the third case can be rejected at the 10%
significance level. These results confirm that, at least for the first two cases, HoNC significantly
outperforms HoNC with color normalization disabled in our method relative to Caltech101, and
that the illumination intensity invariance provided by color normalization in HoNC is responsible
for a statistically significant performance boost.

Table 5.11. Test results for Caltech101 with color normalization disabled in HoNC.

Dataset Model Performance
Caltech101 Pred. Pred. Boost
Accw/o | Acc.w/
color* color*
Single-Level SPR 59.44 60.33 0.89
[drop from 2.34]
Single-Level 59.07 60.12 1.05
SPR/HPS-L.ite [drop from 1.95]
Multi-Level SPR 58.27 60.02 1.75
[drop from 2.45]

*Computed over three runs at N=200 with a set to 0.20

Table 5.12 and Table 5.13 shows the results of substituting HOWH and HoNC-none for
HoNC relative to Caltech256. Table 5.12 shows that, when HOWH is substituted from HONC in
our late-fusing method, the boost in performance again drops significantly for each of the three
models, confirming that, for Caltech256 as well, HONC significantly outperforms HoWH.

Table 5.13 shows that, when color normalization in HONC is disabled, the boost in
performance for each of the three models again drops for Caltech256, although the results are not
as pronounced here as with Caltech101. These results suggest that, for Caltech256, the
illumination intensity invariance resulting from the color normalization in HONC has a more muted

effect than for Caltech101.
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We did not test the CN descriptor in our method, but instead relied on test results for that

descriptor as reported in Elfiky et al. [1], which are summarized in Table 5.14. More specifically,

that table shows the combined boost in performance, computed from data reported in Elfiky et al.

[1], resulting from jointly using the CN descriptor in combination with a second, self-similarity
descriptor in a late-fusing method.

Table 5.12. Test results for Caltech256 with HoWH substituted from HoNC.

Dataset Model Performance
Caltech256 Pred. Acc. | Pred. Acc. Boost”
w/o hue w/ hue”

Single-Level 22.48 23.71 1.23
SPR [drop from 2.69]
Single-Level 23.41 2432 0.91
SPR/HPS-Lite [drop from 2.23]
Multi-Level 22.77 24.09 1.32
SPR [drop from 3.21]

*Computed over single run at N=100 with a set to 0.05

Table 5.13. Test results for Caltech256 with color normalization disabled in HoONC.

Dataset Model Performance
Caltech256 Pred. Acc. | Pred. Acc. Boost"
w/o color | w/ color’

Single-Level 22.48 24.88 2.40
SPR [drop from 2.69]
Single-Level 23.41 25.45 2.04
SPR/HPS-Lite [drop from 2.23]
Multi-Level 22.77 25.80 3.03
SPR [drop from 3.21]

*Computed over single run at N=100 with a set to 0.20

As can be seen from Table 5.14, the 1.9 — 3.2 % boost in performance we found for the
HoNC descriptor exceeds that of the CN descriptor, since the latter will only be a fraction of the

boost values reported in the table.
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Table 5.14. Boost in performance from using CN and self-similarity descriptor.

Dataset No. of image Boost
classes
Sports 8 1.5
15 Scenes 15 2.3
Butterflies 7 2.4
Pascal 2007 20 2.3
Pascal 2009 20 2.4

5.4 REAL-TIME PERFORMANCE

Table 5.15 and Table 5.16 shows the increase in inference time that results from using our
late-fusing method to include color in the highest performing model configurations.

Table 5.15. Increase in inference time for selected model configurations - Caltech101.

Model In_lgirr?]aes?ni]ns;rlf. F,Kgg Dataset
Single-level SPR w/color@N=400 147.08 61.64 | Caltech101
Single-level SPR w/color@N=200 150.56 60.95 | Caltech101
S;Tgr'g'ﬁl‘fl'o%m/ HPS-Lite w/ 152.25 60.92 | Caltech101
Multi-level SPR w/color@N=400 165.87 60.95 | Caltech101
Multi-level SPR w/color@N=200 181.73 60.95 | Caltech101

“Computed over 10 runs

Table 5.16. Increase in inference time for selected model configurations - Caltech256.

Model Infirriis?r:]ns;rlf' IX?S Dataset
Multi-level SPR w/color@N=100 174.46 25.98 | Caltech256
Single-level SPR w/color@N=100 190.54 25.17 | Caltech256
Multi-level SPR w/ color@N=200 192.50 25.78 | Caltech256

“Computed over a single run
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As can be seen, in all instances, the increase in inference time resulting from including

color using our late-fusing method ranges between about 150 — 190 mS.

5.5 COMPARISON WITH STATE-OF-THE-ART

Table 5.17 compares a theoretical detector, constructed by modifying the detector reported
in Abdi et al. [5] to include color using the subject method, with two state-of-the-art detectors, the
unmodified detector from Abdi et al. [5], and a CNN-based detector, NAS-FPN AmoebaNet [7].
It is assumed that, by including color in the unmodified detector using the subject method, the
predictive accuracy jumps by 2.55%, which is the midpoint of the 1.9 — 3.2 % range we measured
for the HONC descriptor, and the inference time jumps by 170 mS, which again is the midpoint of
the 150 — 190 mS range we measured for the HONC descriptor.

Table 5.17. Comparison with state-of-the-art models.

Model Perf. Inf. Time | Dataset | No.of | Date

(mS) classes
SE-BOVW 90.48% 100 GTSRB | 43 2018 [5]
w/o color (Pred. Acc.)
SE-BOVW 93.03% 270 GTSRB | 43 Theoretical
w/ color (Pred. Acc.)
NAS-FPN 48.3% 278.9 COCO |80 2019 [7]
AmoebaNet™ | (MAP)

*Currently ranked #15 on the Facebook Al leaderboard for real-time object detection - COCO dataset'®.
While the 270 mS total inference time may disqualify the modified detector from some
real-time applications, for example, the Intelligent Driver Assistance System (IDAS) described in
Abdi et al. [5] where the total inference time cannot exceed 100 mS, the total inference time is still
within the range currently posted on the Facebook Al leaderboard for state-of-the-art real-time
object detectors such as NAS-FPN AmoebaNet. The modified detector should be appropriate for

other real-time applications where more relaxed total inference time requirements apply, such as

13 https://paperswithcode.com/task/real-time-object-detection
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intruder detection in home security systems. Of note is that further reductions in the total inference
time should be possible when moving to an optimized, production-oriented hardware environment

that provides CPU/GPU parallelism, such as that used to test the CNN-based detectors.

5.6  TESTING OF TEXTURE DESCRIPTORS

In this section, we extend our previous work to include testing a late-fusing method for
joining shape and texture in a spatially-enhanced BOVW model. Our architecture, shown in
Figure 5.1, is identical to that depicted in Section 3.4, but with the color descriptor replaced by a

texture descriptor, such as HoNI, SPIN, CHoNl, or CSPIN.
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Figure 5.1. Late-fusing architecture for including texture or texture/color descriptors.
An application that might benefit from such a model is image classification in a home-
security system equipped with security cameras for capturing images, which can be black-and-

white or color depending on time of day and quality of lighting, of a sensitive area (such as a
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backyard). In this application, the image classification takes place on a resource-constrained
device such as an on-premises computer or a cloud edge device. The images captured by the
security cameras are input to the image classification model, which is tasked with triggering an
alarm in real time if a human intruder is detected from the images. To avoid false positives, the
image classification should be capable of distinguishing human intruders from pets and wildlife
such as raccoons or deer largely on the basis of shape and texture, which are assumed to be the
dominant cues. Color, if present, is assumed to be a secondary cue.

In our first set of tests, we included HoNI as the texture descriptor and SIFT as the shape
descriptor. We set a to 0.20 after determining through testing that value maximized performance
compared to alternative settings at 0.10, 0.30, and 0.40, respectively. We also set N to 200, having
previously determined that value optimized performance relative to the Caltech101 dataset. The
test results are shown in Table 5.18.

Table 5.18. Test results with HoNI selected as the texture descriptor.

Dataset Model Performance
Caltech101 Pred. Acc w/o | Pred. Acc. w/ Boost
texture” texture”
Single-Level SPR 59.44 59.36 (0.08)
Single-Level 59.07 58.96 (0.11)
SPR/HPS-Lite
Multi-Level SPR 58.27 58.79 0.52

*Computed over three runs at N=200

As can be seen, for the first two models, there is a negative boost in performance, meaning
the addition of texture hurts performance, while, for the third model, the boost in performance is
modest, about 0.5%.

In our second set of tests, we included SPIN as the texture descriptor and SIFT as the shape

descriptor. We set a to 0.10, after determining through testing that value optimized performance
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relative to alternative settings at 0.05 and 0.20, respectively. As before, we set N to 200, having
previously determined that setting optimized performance relative to the Caltech101 dataset for
the majority of models. The test results are shown in Table 5.109.

As can be seen, for the first two models, the boost in performance is negative, meaning the
addition of texture hurts performance, while, for the third model, the boost in performance is

nominal, i.e., less than 0.50%.

Table 5.19. Test results with SPIN selected as the texture descriptor.

Dataset Model Performance
Caltech101 Pred. Acc w/o | Pred. Acc. w/ | Boost
texture” texture”
Single-Level SPR 59.44 59.38 (0.06)
Single-Level 59.07 58.81 (0.26)
SPR/HPS-Lite
Multi-Level SPR 58.27 58.48 0.21

*Computed over three runs at N=200

For our third set of tests, we performed testing of pre-fused texture/color descriptors. We
considered both CHoNI and CSPIN in this regard, but elected to go with CHoNI based on
preliminary testing suggesting it would perform better. For our shape descriptor, we elected to go
with SIFT as before. Table 5.20 shows the test results. As can be seen, the boost in performance
ranges between about 0.50 — 1.00 % across the board and exceeds that of HoNI and SPIN for all
three models. Accordingly, it appears to be the best choice for this application.

Table 5.20. Test results with CHoNI selected as the texture descriptor.

Dataset Model Performance
Caltech101 Pred. Acc w/o Pred. Acc. w/ Boost
texture* texture*
Single-Level SPR 59.44 60.34 0.90
Single-Level SPR/HPS- 59.07 59.57 0.50
Lite
Multi-Level SPR 58.27 59.23 0.96

*Computed over three runs at N=200
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An interesting observation is that, in this testing, CHoNI performed better than HoNI and

SPIN even though it represents an example of early fusing. We conjecture that CHoNI works in
this context because of the high cross-correlation between the information that is fused with
CHoNI, consisting of the same texture information projected onto different color channels, which
renders the quantization error introduced by CHoNI low and manageable. The situation described
in Section 3.2 is different because there, the low cross-correlation between the fused information

greatly increases the quantization error that is introduced.

Chapter 6. CONCLUSION

In conclusion, we were successful in meeting our goal of providing a novel method for
joining color with shape, featuring the HoNC descriptor, to improve the predictive accuracy of
spatially-enhanced BOVW models for image classification.

Moreover, as shown in Table 6.21, summarizing the test results of Sections 5.1 and 5.2,
we were also successful in showing that the method is generalizable to different model types,
vocabulary sizes and datasets in that it boosts performance across the board in all such cases by
about 1.9 — 3.2 %.

We also provided a theoretical explanation, based on quantization error analysis, that better
explains why late-fusing outperforms combination descriptors/early fusing in the field of image
classification. Prior work [6] had suggested that early-fusing should outperform late-fusing for
image classification because it preserves the association between color and shape descriptors at
the pixel level that is lost with late-fusing. We showed that any benefit from preserving this

association is often outweighed by the quantization error that is introduced with early fusing.
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Table 6.21. Summary of boost test results.

Dataset Vocab. | Single-Level | Single-Level Multi-Level
Size SPR SPR/HPS-Lite | SPR

Caltech101” | 100 2.30 2.28 2.02
200 2.34 1.95 2.45
400 2.08 2.05 1.93

Caltech256" | 50 2.69 241 2.61
100 2.69 2.23 3.21
400 2.12 1.88 2.80

“Results computed over 10 runs
fResults computed over singe run

A potential limitation of our work is that the late-fusing approach featured in our method
does not scale well with additional cues such as texture.

An area for future research is investigating the use of bounded soft-assignment techniques
[26] for reducing quantization error in general, which would appear to be suitable to real-time use

cases.
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BOVW

CN

CNN

DITC

FPS

HoNC

HoNI

HoWH

mAP

MSE

SIFT

SPR

SVM

APPENDIX A

Bag of Visual Words

color names

Convolutional Neural Network
Divisive Information-Theoretic feature Clustering
frames per second

Histogram of Normalized Colors
Histogram of Normalized Intensities
Histogram of Weighted Hues

mean average precision

Mean Squared Error

Scale Invariant Feature Transform
Spatial Pyramiding Representation

Support Vector Machine
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