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Abstract

The modern reliance on technological advances has spurred a focus on improving scientific
education. Fueled by this interest, novel methods of testing students’ understanding of scientific
concepts have been developed. One of these is visual modeling, an assessment method which
allows for non-textual evaluation that incorporates previously difficult factors to test, such as
complexity and creativity. Although visual models have been shown to effectively measure
conceptual understanding, there has been a logistical barrier of scaling due to the infeasibility of
grading large amounts of them by hand. This thesis proposes a system that can solve this issue by
automatically grading visual models. A host of unsupervised and supervised computer vision
techniques are utilized in order to classify shapes in visual models, extract relevant features, and,
ultimately, assign a Learning Progression score to each model. Examples of the techniques used
are a novel way to determine the orientation of Arrows and a Cascaded Voting System for shape
classification. The results of the automatic grading system proposed in this thesis outperform
previous methods and lay the foundation for future improvements. The resulting findings show
great promise for directly solving the scaling issue, thereby making visual model assessments a

practical tool for widespread use.
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Chapter 1: Introduction

The modern world is progressively growing more reliant on advances in technology,
creating an international race for innovation. As explained by Augustine et al. [4], America has
been falling behind other countries in key industries involved in science, technology, and
medicine. One of the core suggestions to remedy this situation has been to emphasize education in
fields related to innovation, making the notion of a Science, Technology, Engineering, and
Mathematics (STEM) education more popular. Along with this reinforced emphasis on STEM
subjects came the issue of assessing students’ progressive growth and understanding of these
concepts. Focusing strictly on the Science portion, assessment experts aimed to find measures that
could evaluate the multiple dimensions of scientific knowledge such as theoretical concepts and
experimental practices [53]. Learning progressions (LPs) were developed to facilitate the continual
assessment of students’ progress in scientific knowledge acquisition [16]. These LP’s were
aggregate scores of sub-progressions, in which each sub-progression focused on a specific
dimension of the overarching concept. For example, theoretical ideas and practices could each be
a sub-progression of a general concept and the amalgam of both sub-progressions would reflect

the overall LP.

In accordance with the push for better STEM education, the Next Generation Science
Standards (NGSS) specifically designated visual modeling to be a valuable skill for students
between grades K-12 to have [54]. These visual models help capture the totality of students’

understanding of scientific knowledge, as opposed to the narrower verbal-based tests commonly



used. To address the challenge of assessing visual models, LP’s were created focusing on visual
models illustrating the state and behavior of Matter [51, 25]. The initial development of LP’s for
assessing students’ understanding held potential but had a core flaw. The visual models were
graded by hand, quickly running into the economic infeasibility of scaling such a system to larger

pools of students.

The advent of Computer Vision (CV) and Artificial Intelligence (Al) tools in recent years
has unlocked the potential to automatically grade these visual models, essentially solving the
scaling problem. The first attempts at this were conducted by Leong et al. [38] in their creation of
an automatic grading system of visual models. The assessment was mapped to the previously
developed LP, revealing a promising way forward. Although this approach seemed to be a solution
to the scaling problem, it still had a shortcoming. The visual models were drawn in a JavaScript
Object Notation (JSON) file format that automatically labeled features about the objects as they
were created. The assessment was then based on these self-labeled, extracted features. Although
this method worked for the specific study, there remained the inability to derive these features

from general images outside of the JSON format.

This study has two primary goals: (1) to accurately classify objects and extract their
features from visual models stored as unlabeled images and (2) to use these classifications and

features to automatically assess students’ understanding of a concept based on the concept’s LP.

The overarching motivation behind these goals is to be able to generalize the previous
research on automatically grading visual models and overcome the inherent scaling issue. We
accomplish this by first using a multitude of unsupervised CV techniques to identify the objects
and features within each model using different datasets provided by Educational Testing Service

(ETS), namely the Ocean Water and Two Can datasets. Moreover, we implement a supervised
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Machine Learning approach in order to compare with the unsupervised approaches. Then, a
cascaded voting system is developed to integrate the classifications of individual methods in order
to improve the final decisions made by the framework. The resulting classifications and extracted
features are then aggregated to 10 higher level features. Finally, these aggregated features are used
in the grading system developed by Leong et al. [38] to predict the LP score of each visual model,
ultimately resulting in a fully autonomous and scalable approach to assessing students’ conceptual

understanding of scientific knowledge.

This paper is organized as follows. Chapter 2 reviews the related work to this research,
including the conceptual background to this topic and the technical tools used in similar tasks.
Chapter 3 describes the datasets comprised of visual models used in this project. Chapter 4 explains
the methods used for each step of the project. Chapter 5 discusses the experimental design and
results, comparing the classification accuracies and LP predictions of the many approaches.
Chapter 6 discusses the findings of this project and highlights paths for future developments.
Finally, Chapter 7 summarizes and concludes the findings of this project. Throughout this paper

the terms “visual models” and “images” are used interchangeably.



Chapter 2: Related Work

The conceptual foundation and a wide variety of computer vision techniques are explored
in this section. The organization of this section will be of subsections for different unsupervised
techniques, Object Recognition, Edge Detection, Color Segmentation, and Template Matching, as
well as supervised Machine Learning and Deep Learning approaches, among others. The
subcategorization is used for simplicity in organization only, as many of these techniques are

frequently used in combination to achieve a specified goal.

Section 2.1  Conceptual Background

The conceptual foundation of this project was created by Leong et al in their research on
grading scientific visual models. They administered questions to students who, in response, created
visual models to illustrate their understanding. These models were then evaluated by a four-
dimensional Learning Progression (LP) with levels ranging from 1 (lowest) to 5 (highest) [16].
The data used in this study was the set of visual models created by the students in their respective
assessment tasks. Each model consisted of multiple 2-Dimensional shapes arranged to illustrate a
concept. Features of each shape, such as the type of shape, the color, the coordinates, and the
rotation were extracted and split into counting-based and spatial-based features. Each of the four
dimensions in the LP had their own sub-progression of 5 levels, with the amalgam of the four
dimensions resulting in the final LP score. The Scale, Behavior, and Material Identity dimensions
were based on the counting-based features and calculated based on their respective deviations from

4



expected counts. The fourth dimension, Density, was determined by applying the A-nearest

Neighbors algorithm to the spatial-based features.

Evaluation of the 148 visual models was conducted with a 10-fold cross validation. For
each model, 10 features were extracted based on the counting-based and spatial-based features.
Then, commonly used regressors and classifiers were used to predict sub-progression levels for
the four dimensions. After the levels of each of the four dimensions were determined, the final LP
value was calculated based on specific combinations of these scores. Although this study provided
the conceptual groundwork, much room for improvement remained. The primary flaw of this study
was that the evaluation methods were completed by people. As the number of people this
assessment is administered increases, the ability to manually grade all the models grows more
infeasible in addition to the limitation discussed earlier using the JSON files. To address this core
issue, this project will aim to automate the grading to allow for broader use of visual model
assessments. In order to accomplish this, unsupervised Computer Vision methods will be
compared with supervised Artificial Intelligence methods to experimentally determine the optimal

approach.

Section 2.2  Color Segmentation

Images can be represented in a variety of color spaces where a color space is a tuple of
integer values representing the resulting color of a pixel. In this project, images are represented in
the Red, Green, and Blue (RGB) color space. Each of the component colors has discrete values
ranging from 0 to 255 denoting the respective color intensity. These individual values combine

into a 3-value tuple in which (0, 0, 0) represents the color black, as it is devoid of all color, and



(255, 255, 255) represents the color white. The multiple combinations of all the varying values of
each component thus produces the visible light spectrum in accordance with the photoreceptors of

the human eye.

Image segmentation is the process of separating an image based on specific categories such
as color, region, and many other criteria. Automatic image segmentation techniques have been
widely developed since the onset of Computer Vision and can be broadly categorized into four
sections: 1) thresholding techniques, 2) boundary-based methods, 3) region-based methods, and 4)

hybrid techniques [22].

Threshold segmentation is based on the idea that pixels in an image within a certain range
of color values are part of the same class [57, 39]. Using the RGB color space as example threshold
segmentation can be implemented by deciding an arbitrary difference between color values. Then,
pixel values will be compared with each other and pixels within the difference value will be
grouped in the same class. Thresholding works well when there are objects that have stark
differences in color. Issues begin to arise when the boundaries between objects are blurry and
multiple objects have slight variations in color. In summary, thresholding segmentation remains a

powerful tool when objects have stark differences in color.

Boundary based methods are similar to thresholding but take advantage of the stark
changes in pixel values at the boundary between two objects [58]. Searching for drastic changes
has the benefit of isolating individual shapes rather than separating based on arbitrary color
differences like thresholding. This becomes highly effective for detecting the presence and outline
of objects. For this reason, many edge detection algorithms such as Sobel and Canny use boundary-
based methods which will be explored in Section 2.3. A shortcoming of these approaches is the

susceptibility to overlapping images. For example, if a circle is overlapping a square, it may detect
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where the boundary is, but it will leave the square with an incorrect bounding region which can

have downstream consequences when the shapes are attempted to be classified.

Region based methods use the opposite assumption of boundary-based methods. Instead of
assuming that stark changes signify different classes, region based methods assume that adjacent
pixels of the similar values are in the same class. A region based approach that works particularly
well for homogenous images is the split and merge algorithm. This works by recursively splitting
quadrants of an image, testing for a user-defined homogeneity criterion, then merging similar
portions with their neighbors until the whole image passes the homogeneity test [31]. The issue
with this is when non-homogenous images are present, which is common for complex shapes and

real images.

Finally, Hybrid methods are combinations of boundary based and region-based methods.
They take the advantages of both detecting boundaries to distinguish classes and recognizing
similarities in pixel values to classify a specific region. The dual approach allows for a better

segmentation of an image based on a desired criterion, such as color for our project.

An example of an unsupervised image segmentation method is the JSEG algorithm which
is split into two major steps: color quantization and spatial segmentation [19]. The benefit of
decoupling color and spatial segmentation is that a complex problem can be broken down to two
simpler ones, each with more specialized algorithms. The first step is to quantize the colors into
an average of 15 class-labels based solely on their color space values, disregarding their spatial
location. Then, the pixel values are represented by their class labels, forming a class-map. Finally,
this class-map can be regionally segmented without directly considering the similarity between the
pixel values. The segmentation is completed by assigning a J-value to each class-map, which is a

measure of the homogeneity of the class-map values in the image. The J-value is proportional to
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the homogeneity of an image, meaning that the more clustered the class-maps are, the higher the
J-value will be. Conversely, the more evenly distributed the class maps are, the lower the J-value
will be. The goal for region segmentation then becomes to minimize the J-value for each region to

increase homogeneity.

An additional consequence of applying this method is that non-homogenous portions of
images near boundaries will have higher J-values. Region determination is conducted by picking
seed locations based on local J-value minima, and then recursively expanding the region until large
J-values are reached. The hybrid nature of the JSEG algorithm emerges at this point, with a region-
based approach for J-value minima and a boundary-based approach for high J-values.
Experimental results were conducted on 2,500 Corsel stock photos and evaluated against human
labelled color segmented images. The results were demonstrated to be subjectively good based on
the boundaries shown in the images, however, the primary shortcoming of this study is the lack of
ground truth labels for objective measures. Furthermore, other studies have pointed out that the
results suffered from over segmentation on occasion. This has the potential consequence of
missing the connectedness of a segment, essentially missing the forest and focusing on the trees

[33].

Returning to threshold segmentation, an initial issue was the lack of adaptivity for various
images. Choosing an arbitrary threshold level to differentiate classes of objects may work well for
a specific image but can have disastrous results on another [71]. To address this problem, Littman
et al. [42] conducted a review on the various adaptive thresholding techniques, particularly
comparing neural networks and statistical approaches. Their goal was to test which methods were
superior by testing them on a binary classification task. They analyzed 80 images of the same hand

from different perspectives and in eight different background scenes. The task at hand was to



classify each pixel as either belonging to the “hand” or the “background” class. They demonstrate
that both statistical methods and neural networks are effective at this task, but neural networks are
slightly better. Although this study only focused on a binary classification, the general overview

can help guide decisions of what type of color segmentation techniques to implement.

Section 2.3  Contour and Edge Detection

The discernment of distinct shapes in an image can be accomplished by detecting the edges
or contours of each shape. A contour is a curve of continuous points that are one pixel wide,
forming a boundary if the contour is closed. These boundaries can then be analyzed to classify

them into specific shapes.

Contour detecting algorithms are generally judged on four metrics: 1) accuracy of contour
tracing, 2) computing time, 3) size of data, and 4) restoration of contour based on saved data. Many
approaches have been developed based on the foundational work by Suzuki et al [74] which laid
out the conceptual framework for contour detection, but most either failed or incompletely
addressed the four criteria [14, 15]. An approach that attempts to address all four of these criteria
was proposed by Seo et al [67]. They leveraged the same core ideas as Suzuki et al and improved

it mostly at the corner detection.

In order to compare their results with prior contour detectors, they tested their approach on
the nine Consultative Committee for International Telephony and Telegraphy fax images. Their
results showed approximately 99.5% accuracy along with the highest pixel count for contours
detected, illustrating that their approach surpassed prior versions at detecting the corners of

contours. Furthermore, the process was computationally fast and had built-in data compression



which can be useful depending on the context of the project. This approach holds much promise
for this project due to its high accuracy and ability to better detect corners. However, the small
sample size of nine images induces skepticism into the robustness of the approach when applying

to other types of images.

Other research methods have been used historically include edge detection which holds
promise for their application to object recognition [2, 3, 6, 18, 40, 44, 46, 55, 59]. Three of the
original edge detectors were the Sobel [72], Roberts [64], and Prewitt [61] operators. These all
aimed to detect edges by using local derivative kernels and applying these across the entirety of a

grayscale image.

Another famous edge detector is the Canny Edge Detector [13]. The Canny detector finds
discontinuities in the intensity of pixels then adds non-maximum suppression and hysteresis to
detect the maximum number of edges without repeating them [48]. Non-maximum suppression is
an edge thinning technique which helps determine a single edge with the greatest change in
gradient intensity. Noise still exists in the image at this point so a double threshold (high and low)
is applied, classifying potential edges with higher values than the high threshold as “strong edges”
and those below the low threshold as “weak edges”. Finally, hysteresis is applied to filter out
“weak edges” that are not actual edges via a simple filtering process. The hysteresis mechanism
operates in that if a “weak edge” pixel is neighbors with a “strong edge” pixel, then it will be

maintained. If not, then it will be removed to reduce the noise in the edge detector [45, 60, 13].

Original Image

=)

Edge Image

Original Image

(A) (B)

Figure 2.1: Canny edge detection on raw image (A) and Gaussian blurred image (B)

Edge Image
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The practical use of Contour and Edge Detectors in the context of shape classification is
typically a pre-processing step. Contour detection produces closed loops of continuous pixels and
edge detectors produce the clearest edges of a shape. These can both be used, depending on the
context, to produce candidate shapes which will undergo further analysis in order to ultimately

classify them.

Section 2.4 Template Matching

Template matching is the process of detecting if and where a template pattern is found
within another image. In general, template matching approaches can suffer from three issues. The
first is that the template might be scale variant, meaning that if the desired object is found either
larger or smaller than the scale designated in the template, it will not register as a match. The
second flaw is that some approaches are rotation variant. This means that even if the objects are
the same size, a difference in orientation can result in a false negative. These two flaws alone
render simple template matching useless in nearly any context with variations in shapes/objects.
The third issue is the great computational cost to sequentially calculate the difference in a template

pattern and an image.

Many algorithms have been developed to address the large processing time of the Full
Search approach which calculates the differences in the template pattern sequentially. A variety of
assumptions are the starting point for many of these. For example, instead of using the entire
template image, approximating the pattern based on key features [75] or reducing the search space
[30] can reduce the amount of computation. Another effective method called Partial Distortion

Elimination utilizes a threshold, with the assumption that if the dissimilarity value between a
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template and the target exceeds the threshold, then the comparison is halted, and the image is
deemed a mismatch [8]. These approaches and many more outlined in the review by Ouyang et al.
all uniquely solve the processing speed problem, yet they fail to solve the scale and rotation

shortcomings [56].

A solution to the scale and rotation problems would be to begin with a large template image
and progressively scale it down while checking for each rotation angle at each scale. This
cumbersome, brute force method holds the possibility for high accuracy at the cost of great
computation time. In order to minimize the computational cost, the Ciratefi Algorithm was created
by Kim et al. which aims to have the same accuracy as the brute force method at a fraction of the
time [35]. The Ciratefi Algorithm uses three cascaded filters that successively filter out pixels that
bear no chance of matching the template. The first filter, called Cifi, determines the probable scale
factor of the detected objects. Then, the second filter, called Rafi, assigns a probable rotation to
the object. The third and final filter, called Tefi, applies standard template matching at the scale

and rotation factors from the Cifi and Rafi filter.

To test whether the Ciratefi algorithm truly matched the brute force method at a fraction of
the time, 145 images were analyzed with shapes of varying rotations, scales, brightness, and
contrasts. They conducted 3 experiments: detecting 2-D shapes, detecting McDonald’s signs, and
detecting buildings from Google Earth. The shape detection experiment, which is the most relevant
to this project, produced a perfect accuracy of 700 out of 700 correct detections. The detection of
the McDonald’s sign had 114 out of 116, with the errors likely due to high levels of brightness and
not incorporating color information. The building detection had 171 out of 187 correct, with errors

likely due to shadows, occlusions, and high variance in brightness. With such high accuracy,
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especially for shape detection, the Ciratefi algorithm holds great promise and can possibly be

improved upon by incorporating color information and devising methods to account for occlusions.

Section 2.5 Hu Moments

Moments in Computer Vision are calculations that describe features of a binarized image
or contour. Focusing on the context of contour-based shape recognition, moments can offer
information about the pixel intensity, location, scale, rotation, and other features which can further
be used to classify shapes. The various features extracted by moments are developed
hierarchically, with newer methods incorporating prior versions. The first level of moments, called
0" order moments, simply calculate the sum of pixel intensity of a contour. In a binary image
where black pixels have a value of 0 and white pixels equal 1, the 0™ order moment is simply the
sum of all white pixels. This can describe the area of a contour but offers little more information

because any change in the scale of the contour leads to completely different values.

Building on the 0™ order moment, raw moments calculate the sum of pixel intensities with
reference to their location in an image. Raw moments offer little benefit because if a shape is
translated at all, the returned value changes drastically. A big leap forward were Central Moments
which achieved translation invariance by deriving the centroid, which is the weighted average of
the pixel intensities, and subtracting this centroid from the Raw Moments of the image. The
subtraction of the centroid allows similar values to emerge regardless of the location of a contour.
Continuing to build on the developments, Normalized Central Moments were derived to achieve
both translation and scale invariance. The addition of scale invariance was achieved by dividing

the Central Moment by the area of the contour, which was calculated from the 0 order moment.
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As the information that moments returned grew, so did their use in object recognition. Although
Normalized Central Moments offered scale and translation invariance, discrepancies between

matching shapes emerged when one was rotated or reflected.

The groundbreaking creation of Hu moments remedied these last two flaws, achieving the
valuable properties of translation, rotation, scale, and reflection invariance. These properties make
Hu moments of particular interest for this project as multiple images are scaled, translated, and
rotated multiple times per image. Hu moments are a set of seven values that expand upon
Normalized Central Moments while preserving the geometric properties of an image under rotation
and skew [32, 24]. The results of these Hu Moments can then be extracted as feature vectors for

further analysis to determine the similarity between shapes.

Multiple examples exist for shape recognition based on the features determined by Hu and
other types of moments [77, 76, 23]. The general schema for these object recognition methods is
to first extract features of the image using moments. These features are then used as inputs into a
classifier algorithm that determines the class of the shape. Some of the common classifiers used
are k-Nearest Neighbors, Multilayer Perceptrons, various Neural Networks, and fuzzy k-Near
Neighbors. Reviewing their performances, high accuracy was achieved for the Multilayer
Perceptron, Neural Network, and the k-Nearest Neighbor classifiers which will further be explored

in Section 2.8 [50].

Many of these studies begin by pre-processing the images to either binary or grayscale. An
example of this is the research conducted by L.A. Torres et al., which first preprocessed the images
by binarizing them to black and white. Then, the authors extracted features based on moments and
used the extracted features in a holographic Nearest Neighbors (HNN) algorithm. An HNN is

similar to the K-Nearest Neighbors algorithm but slightly faster and more accurate. They applied

14



their architecture to identify the 26 letters of the English alphabet with 107 training instances and
6,188 testing instances. The testing instances were a combination of 17 different scales and 14
rotations for each letter, i.e. 238 instances for each letter. The results were between 95-100%
accurate depending on the letter and the amount of transformation applied to it. This holds promise
for our project because it shows that the utilization of Hu moments in combination with various

classification algorithms can yield high accuracy in recognizing shapes.

Section 2.6 Hough Transform

Hough Transform is a robust computer vision technique used to detect lines and curves
within an image. The primary advantage of the Hough Transform is that it is occlusion insensitive,
an issue that has lowered the accuracy of object detection for certain shapes. An additional benefit
of the Hough Transform is that it detects lines in polar coordinates, giving valuable rotation
information. The first step in applying the Hough transform is to implement an edge detection
algorithm such as Canny to produce the coordinates of the boundaries. Once the edges are
determined, the Hough Transform connects these edges into lines based on a threshold. The lower
the threshold, the higher the probability that the edges connect as a line, resulting in an inverse
relationship between the threshold and the number of lines created [21]. A result of this relationship

is illustrated in Figure 2.2 from one of the template shapes extracted from our datasets.

Hough Transform is not restricted to simply detecting lines in images though. By
generalizing its properties and combining with other classifiers, the Hough Transform can extract
features that are then used for shape detection similar to the use of Hu moments [5]. Although

Hough Transform works well for detecting shapes, it performs comparatively worse than using Hu
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moments when it comes to classifying them [70]. Nevertheless, the Hough Transform can be a
powerful tool for determining the orientation of shapes since each line is calculated in polar

coordinates, a feature of potential great benefit.

(A) (B)

Figure 2.2: Hough Line Transform at thresholds (A) =35 and (B) =75

Section 2.7 Gaussian Blur

A common pre-processing step is to filter an image using a Gaussian blur. The Gaussian
blur is a simple method with the ultimate goal of improving the signal to noise ratio, a key step
that shows benefits in down-stream applications. The process of applying a Gaussian blur is to
create a 2-D kernel which convolves an image while applying a Gaussian function as it proceeds

[68]. The larger the kernel, the more blurry the image will appear as shown in Figure 2.3.

The result of this will be that each image will acquire a value equal to the weighted average
of the neighboring pixels, with further pixels having smaller weights and the original pixel having
the heaviest weight. After processing the entire image, the noise from artifacts and other mistakes
is reduced, allowing for better applications such as color segmentation, edge detection, and object

recognition.
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(A) (B)

(©) (D)
Figure 2.3: Gaussian blur with increasing window sizes
(A) original image, (B) 3x3 window, (C) 5x5 window, and (D) 7x7 window

One parameter that can be tweaked in the Gaussian function is the standard deviation. A
study conducted by Gedraite et al. showed that, in general, larger standard deviations in the
Gaussian function tend to produce better results for image segmentation, which is highly relevant
to this project [26]. Furthermore, they showed that small standard deviations are useful for images
with increased noise. This research lays out the conceptual trend of how to adjust the parameters

of a Gaussian Blur, giving a heuristic for use instead of blind trial and error.

Section 2.8  Machine Learning Approaches

Machine learning algorithms have been applied to many branches of computer science and
computer vision. The main branch of machine learning algorithms applicable to this project are
supervised classifiers. Supervised classifiers, in the context of object recognition, can generally be
described as algorithms which receive features describing the object as an input. These feature

vectors will be used to predict a certain outcome, for example classifying a certain shape.
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Supervised approaches have labeled ground truths for a certain number of instances,
allowing the algorithm to optimize itself to better predict the correct classification based on the
present features. Once the program has trained itself on the labelled data, it can then be tested on

novel instances to assess its performance.

The accuracy of using a machine learning approach has two main components that will
affect the final outcome. First, the method of extracting quality features is critical. Second, the
various machine learning classifiers used on these extracted features will determine the ultimate
outcome. The three most prevalent feature extraction algorithms for object recognition are the
Scale Invariant Feature Transform (SIFT), Speeded up Robust Feature (SURF), and the Oriented
FAST and Rotated BRIEF (ORB) algorithms [43, 65, 7]. The reason for the prevalence of these
three is that they extract features that are invariant to scale, rotation, translation, blur, and

illumination [52].

The SIFT algorithm was the first of these and set the bar for effectiveness but lacked speed,
which SURF and ORB both aimed to address. To test these three, Karami et al. [34] compared all
three on a curated dataset of images that were distorted in various fashions such as by scale,
rotation, blur, and intensity. The results show that the SURF and ORB algorithms are significantly
faster than SIFT in every category, however, the accuracy is generally better with SIFT when used

to match shapes. In particular, SIFT is superior for images with rotation and illumination changes.

The ORB algorithm, which was significantly superior for scaling differences, was the
fastest of the three algorithms, and was slightly better than SIFT for blurred images. The SURF
algorithm typically performed in between SIFT and ORB but was not the best in a single category

[REFERENE Karami E.]. Based on these results, SIFT and ORB show potential for feature
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extraction. For overall accuracy the SIFT approach is superior, however , if speed is of necessity,

then the ORB approach is the ideal candidate.

After extracting features, different machine learning algorithms can be applied to match
shapes. Two of the most commonly used are the k-Nearest Neighbors (KNN) and Support Vector
Machine (SVM) algorithms due to their robustness [11, 17, 12]. To compare these two algorithms,
four classes of images were pre-processed using the SIFT algorithm to form feature vectors and
then the individual algorithms were applied to these feature vectors. A 5-fold validation test in
which each fold had 2800 training and 700 test images was conducted. Multiple values were tested
for the number of nearest neighbors for the KNN with the best being k-value equaling 5. At this
k-value, the SVM outperformed the KNN algorithm with approximately 92% accuracy compared

to 78% [36].

This is partially due to the KNN suffering greatly at classifying one of the classes of
images. When this class was removed, the SVM still outperformed KNN but by a marginal 4
percent. A possible explanation for this is that the KNN approach gives equal weights to all
features which can generate large discrepancies depending on the quality of the features. The large
difference in performance when ignoring one of the classes showcases a flaw with the KNN
approach, however, since it performs well on the other classes, KNN still may be useful. Testing
the various combinations of these classifiers with the SIFT and ORB feature extractors have a

compelling case for application purposes using modern machine learning.
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Section 2.9 Deep Learning Approaches

Recent advances in computational power and progress in Artificial Intelligence have given
rise to the many applications of deep learning algorithms. For computer vision tasks in particular,
a type of deep learning algorithm called a Convolutional Neural Network (CNN) has been widely
used for a variety of applications. The prevalence of CNN’s in computer vision tasks is rooted in
the original idea of a CNN being modeled after the human visual system, in that there are multiple
layers to the network with non-fully connected intermediate layers extracting information and
finally feeding into a fully connected layer at the end. A key feature of CNN’s is that they are feed-
forward neural networks, meaning that each input is independently processed, with one input not
impacting another input. Another feature is that CNN’s are bound to producing an output layer

with the same size as the original input layer.

The input/output size constraint can become a problem for object recognition because the
number of objects to be detected is unknown prior to analysis. This causes variability in the output
size depending on the input image. To remedy this issue, Girshick ef al. created the Region-based
Convolutional Neural Network (R-CNN) algorithm. The R-CNN algorithm first uses a Selective
Search algorithm to break the image into 2000 region proposals and then implements a CNN on
each of those regions to detect objects [28] rich feature]. Applying the CNN to each region
individually remedies the issue of variable inputs since each region will have one object. To test
their algorithm, the PASCAL VOC collection of datasets was used, and the results were
significantly improved compared to prior approaches, reaching mean average precision of 62.4%

on the VOC 2012 dataset.

The R-CNN had two main flaws with it. First, the algorithm was very slow, making it

impractical for real-time usage. The second, is that the Selective Search algorithm used for region
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detection was a fixed approach, having no machine learning or adaptation. To improve on these,
the Fast R-CNN was developed by Girshick ef al. The core difference between the two approaches
is that the Fast R-CNN does not have to generate all 2,000 region proposals each time. Instead, the
input image is fed to a CNN which then returns a feature map from which the Selective Search
algorithm creates region proposals. This leads to potentially fewer regions being proposed and
saves computational time. Finally, objects are then detected in similar fashion to the original R-
CNN. The Fast R-CNN increased the training and performance speed many fold compared to the

R-CNN and even raised the mean average precision on the VOC 2012 dataset to 68.4% [27].

However, room remained for improvements in speed and accuracy, with the region
proposal step being the main bottleneck for processing time. The next evolution of this approach
was the Faster R-CNN. The Faster R-CNN approach replaced the Selective Search algorithm with
a Region Proposal Network (RPN). The RPN was then combined with the Fast R-CNN by sharing
convolutional features, essentially guiding the Fast R-CNN detector to the regions of interest. This
led to increases in speed and higher mean average precision, with a score of 75.9% on the VOC
2012 dataset [63]. These three networks illustrate the state-of-the-art approaches that can be used

when sufficient labeled data is present for object detection and classification.

Section 2.10 Modern Approaches to Shape Classification

The task of classifying objects and shapes has evolved from its onset to much more
complicated tasks and innovative applications. As described in Section 2.9, the advent of Deep
Learning has revitalized old tasks with new approaches. Fueling this rebirth are advances in

applications such as autonomous vehicles and medical object detection. Upon review of older
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approaches to shape recognition, a general tradeoff between local specificity and global robustness
for features of shapes is apparent. Approaches focusing on local shape descriptions effectively
detected occlusions and minor variations, yet they were poor at incorporating the details into the
global shape for classification purposes [10, 67, 37, 69]. On the other hand, global descriptors were
robust against noise and shape deformations but failed to capture shape details and suffered from
occlusions [41, 9, 1, 73]. To solve this issue, many researchers created hierarchical models which
incorporated a fusion of local and global features to describe and classify shapes, with

progressively better results [49, 63].

An advancement by Xu et al. proposed an invariant, multi-scale shape feature extractor to
get the best of both local and global approaches [78]. An algorithm was developed to describe the
contours of shapes and combined a variety of classical computer vision techniques such as
Gaussian blurs for reducing noise and retrieving shape features such as arc length and area at
multiple scales. The algorithm was tested on commonly used datasets, namely the MPEG-7,
Articulated, Kimia’s 99, and Kimia’s 216 datasets. The results of their experiments were
promising, showcasing higher accuracy than previous methods on complex shape contours such
as animals and objects, with approximately 92% accuracy across the various datasets. This work
shows promise in the use of classic computer vision techniques to be used in novel combinations
for more robust descriptions and classifications of shapes. Although the retrieval accuracy was
high, there remains room for improvement for complex shapes. Regardless, this work inspires the
combination of multiple techniques to solve shape matching tasks and showcases the efficacy

when properly conducted.

A core challenge in identifying highly complex shapes is when deformations occur as they

significantly distort the image. The main deformation that is relevant to this project will be when
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overlapping occurs between complex shapes such as fish, seaweed, and bacteria. To account for
large deformations due to occlusions, local geometric corrections have been attempted but faced a
great hurdle when it came to determining which specific segment of a shape needs the geometric
correction. The work by Marvaniya et al. addresses this issue by efficiently searching for the
cluster of contour segments that could be potential matches for a geometric correction [47]. They
assessed their algorithm on the MPEG-7 dataset and achieved an overall accuracy of
approximately 89%, a high score but one that lagged behind others such as Gopalan et al. which

had an accuracy of around 93% [29].

The relevance to this study is when they adapted the MPEG-7 dataset to have shapes with
5-15% occlusions. After adapting the dataset, they outperformed Gopalan et al. by 14% and
outperformed other similar algorithms by 38%, presenting a strong case for their approach to
handling partial occlusions in shapes. This work holds promise as a conceptual framework to

handle occlusions, especially for complex shapes.
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Chapter 3: Dataset

The datasets used in this project consist of multiple scientific visual models provided by
the ETS organization. Each visual model consists of an assortment of micro and macro 2D shapes.
The micro shapes are squares, circles, diamonds, triangles, and arrows. The macro shapes include,

but are not limited to, cans, fish, seaweed, bacteria, and water drops.

Three datasets are used for this project, the first of which is the Ocean Water Dataset that
consists of 148 visual models. This dataset has human annotations for each of the individual shapes
comprising the models, as well as the final LP score for each model. Some errors were detected in
the human annotation, but, overall, the dataset can be used as a ground truth comparison for both
supervised and unsupervised approaches. Certain methods rely on comparisons with high-quality
template images of individual shapes which were initially meant to be provided by the ETS
company. Due to unforeseen events with the current CoVID-19 pandemic, these high-quality
templates could not be obtained and were instead obtained from four of the 148 images in the
Ocean Water Dataset. These four images were therefore excluded from all training and testing,
leaving a 144 image Ocean Water Dataset. Furthermore, templates of Diamonds proved difficult
to obtain and were thus neglected for template-based approaches. Examples of visual models from

the Ocean Water dataset can be found in Figure 3.1.
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Figure 3.1: Visual models from the Ocean Water dataset

In addition, there are two datasets used, namely the Synthesized Ocean Water and the Two
Can datasets. The Synthesized Ocean Water dataset has 30 visual models which are all at LP level
4. However, it lacks labels for the individual shapes. The Two Can dataset consists of 195 visual
models ranging from LP levels 1-4, but it too lacks labels for individual shapes. Furthermore, the
Two Can dataset contains hand-drawn objects and words, which this project is not designed to
recognize. Examples of the Synthesized Ocean Water and Two Can datasets can be found in

Figures 3.2 and 3.3 respectively.

The 144 image Ocean Water dataset can therefore be used to evaluate our shape detection
algorithms and framework. This dataset can then be combined with the Synthesized Ocean Water
Dataset to form a 174 image dataset that can be used to test the LP score of each model. Similarly,
the Two Can Dataset can be used to evaluate LP levels. From the quality of the LP scores,

correlations to the performance of the object and feature classification framework can be drawn.
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Figure 3.3: Visual models from the Two Can dataset

26




Chapter 4: Methodology

The goal of this project is to accurately recognize various shapes in 2D visual models and
extrapolate Learning Progression (LP) scores from the objects’ classifications and features. In
order to achieve this goal, multiple computer vision techniques are integrated, which can be
summarized by the following and shown in Figure 4.1. First, template shapes are extracted
corresponding to each possible shape except Diamonds due to issues with extraction. Then, the
template shapes as well as the visual models undergo color segmentation, are converted to
grayscale, and then binarized. Following this, the closed contours are detected for each shape in
the visual models and the template images. Following this, the shapes are classified using a
cascaded voting system based on a variety of methods including a template independent rules-
based approach, feature comparisons with the templates, and a supervised machine learning
approach. Finally, the shape classification and features of the shape are used in an automatic

grading system which assesses the LP level of the visual model in order to evaluate the students’

Final Shape
Classification ’

f

performance.

Figure 4.1: Overview of methodology
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Section 4.1 Template Extraction

The first step in this project was to create a subset of template images. These templates are
examples of each shape and were screenshots of the individual shapes from four of the images in
the 148 Ocean Water Dataset. As described in Chapter 3, these four images were consequently
excluded from all further training and testing. Notably, templates of Diamonds could not be
extracted, resulting in Diamonds not being classified in template-based approaches including Hu
Moment Classification, Area Ratio Classification, Template Matching, and Decision Tree

Classification. Examples of the template images can be found below in Figure 4.2.

TELIE

Figure 4.2: Examples of template images

Section 4.2  Gaussian Blur

A Gaussian Blur is a computer vision preprocessing method which convolves a Gaussian
function as a 2D matrix over an image. The goal of a Gaussian Blur is to smooth the colors in an
image so that each pixel is impacted by the surrounding pixel values. Essentially, this will improve
the signal to noise ratio in an image so that random artifacts and low quality images can better be
analyzed. The visual models are of high quality and have little noise so a Gaussian blur was not
used on them. On the other hand, the extracted templates had a high variability in quality so a
Gaussian blur was applied to them. A Gaussian blur in 2 dimensions mathematically works

according to the below function which slides across an image and reiterates at each new pixel.

x2+y2

e 202 (41)

G(x,y) =

2mo?
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To illustrate the idea of applying a Gaussian function as a 2D matrix, a representation of a
3 by 3 matrix is shown in Figure 4.3 in which A is the original matrix of pixel values and B is the
resulting matrix after the Gaussian function is applied. The pixel itself is represented by the center
value of the matrix, in the example below shown by the value 4. Then the surrounding pixels’ RGB
values are multiplied by the corresponding weights. As the size of the matrix increases the
appeared blurriness increases since each pixel is affected by more of its neighboring pixels. In
Figure 2.3 an illustration is shown comparing an original image to a 3x3, 5x5, and 7x7 Gaussian

blur.
) 1 2 1
B=Ax—=%|2 4 2
1 2 1

Figure 4.3: 3 by 3 Gaussian blur matrix

Section 4.3  Color Segmentation

Prior to extracting features and comparing templates to candidate shapes, both images and
templates undergo color segmentation. Color segmentation is a method that refines the colors in
an image so that the distcontrast between segments is starker. Colors for each pixel are represented
in the Red, Green, Blue (RGB) color space. Mathematically, the pixel values are calculated as a
tuple with three values corresponding to the respective RGB channels and each channel ranging
from a value of 0 to 255. For example, a tuple of (0,0,0) represents all black and a tuple of (255,
255, 255) represents all white. As the color segmentation is applied identically to templates and

visual models, they will both be referred to as images for this section.

The first step in segmenting the images by color is to count the number of pixels that are

the same color. A filter was then applied to remove all colors that appeared less than 200 times per
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image in order to reduce the noise in the image. Having filtered out low frequency colors, the next
step is to apply a window that joins the pixels that are close in value to specify a limited list of
colors and further increase the contrast. To determine the closeness of colors, the difference
between RGB values in the remaining pixels is calculated. If the absolute difference is determined
to be less than 40, then all but one of the colors is consequently removed leaving one color to
represent a small range of similar colors. This number was determined experimentally using our
dataset. The next step is to create a mask to cover up the image between a set color range. This is
accomplished by separating the RGB color space into the three color channels individually. Then,
a minimum and maximum value with a difference of 40 is determined for each color channel.
Finally, the channels are recombined so that a tuple of minimum and maximum color levels are
present. The mask adopts these values and covers every pixel in the image that is not found within
this range. Finally, a bitwise and operator is used to return an image that returns True values,
which in this context are pixels that are not covered by the mask. Having segmented the images
by color, the final steps in preparing the images to be separated into individual shapes are

converting the image to grayscale, followed by inverse-binarizing the image.

Section 4.4  Contour Detection and Shape Approximation

Contour detection is the process of determining where a curve of continuous pixels with
similar color and intensity is within an image. With the color segmentation process complete, the
process of detecting contours is greatly simplified. The Suzuki algorithm [74] is implemented
which takes a binarized image as input and outputs a list of all the closed-loop contours. The Suzuki
algorithm accomplishes this by starting at the corner of an image and then scanning from left to

right until a non-zero pixel is detected. It then checks neighboring pixel values to determine if they
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are part of the contour (value of one) or outside the contour (value of zero). This process is

recursively applied until a closed loop of non-zero value pixels are connected.

The following step is to analyze each closed contour individually and determine the
polygon it is most similar to. This approximation is accomplished using the Ramer-Douglas-
Peucker (RDP) [20] algorithm. The RDP algorithm takes a contour as its input and reduces the
number of points by approximating lines between a series of connected points. In order to
approximate the lines, two points are initially chosen and a line is drawn between them. A
parameter, epsilon, is chosen which sets the distance from the line drawn. If another point along
the contour has a distance value greater than epsilon between the drawn line and itself, then the
line is split into two with that new point now connecting both. This process is recursively applied
until an approximate polygon composed of multiple straight lines is produced. A tradeoff emerges
when deciding on the epsilon value between increased specificity with a low epsilon value and
simplifying the contour with a large epsilon. For this project, an experimentally derived epsilon
value of 1% of the contour’s perimeter is chosen for each contour. The benefit of this
approximation is that the number of edges or corner points in a contour can be determined, a useful

feature which will be exploited in the following sections.

To gain more information down the line, two bounding boxes and an enclosing ellipse are
created around the contour, as shwon in Figure 4.4. The first bounding box simply puts a rectangle
around the contour with the sides of the bounding box parallel to the frame of the image. The
second is a minimum area bounding rectangle which encapsulates the contour with the smallest
possible rectangle that will still cover the entirety of the contour. The added benefit of the
minimum Area Rectangle is that the rotation can be calculated within a range of 0 to 90 degrees.

The rotation is calculated by first taking the vertically lowest point of the box as the first vertex.
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Then, the next three vertices are labelled in a clockwise fashion. The angle between the first and
fourth vertex is then calculated counter-clockwise relative to the horizontal, giving an angle of 0
if the vertices are on the same horizontal line and 90 if on the same vertical line. If the angle
exceeds 90, a new vertex is chosen as the first vertex and the cycle repeats, thus never having an

angle greater than 90.
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Figure 4.4: Contour and bounding shape examples

Section 4.5  Rules-based Shape Classification

To classify the detected objects as shapes, many approaches are used. The first is a rule-
based classifier which uses the number of edges returned by the approximation of the shapes with
the height, width, and rotation returned from the Minimum Area Bounding Box. The rest of this

section lists the shape followed by the rules we designed that must be met to classify it as such.

1. Triangle: the number of edges must equal 3 or 5, the height cannot equal the width, and the

height should be within a range of +/- 10 pixels of the width.
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2. Diamond: the number of edges must equal 4, the rotation of the bounding box must be
between 40 and 50 degrees, and the height of the box must be within a range of +/- 2 of the

width

3. Square: the number of edges must equal 4, the classifier must not have already classified

this contour as a diamond, and the height should be within a range of + 2 of the width.

4. Circle: the number of edges must be greater than or equal to 7 and the height must be within

a range of =1 of the width.

5. Arrow: the number of edges must be between 7 and 10, the color is black, and the height

is not equal to the width.

6. Other: Anything that does not satisfy the above rules is classified as Other

Section 4.6 Hu Moment Classification

In addition to the rule-based approach to object classification, Hu Moments are utilized to
improve prediction accuracy. Hu Moments are seven values that describe a shape in a scale,
rotation, translation, and reflection invariant manner. These seven values are calculated from
Equations 4.2-4.8 in which the first two are translation invariant, the 3rd and 4th are scale invariant,
the 5th and 6th are rotation invariant, and the 7th is reflection invariant. The equations below have
M1 to M7 representing the seven values and i, j is the image moment raised to the ith and jth
orders. By undergoing various linear algebraic transformations as described in [32], these invariant
properties are achieved. These seven Hu moments are calculated for the outermost contour in a

template image and for each contour in the visual model. To determine which shape the detected
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contour in the visual model is, distance measures are taken between the Hu Moments of the visual
model contour and all the template image contours. Formulas D1, D2, and D3 in Equations 4.9-
4.11 accomplish this where H; is the Hu value for the template (A) and the target contour (B).The

trend is that the shorter the distance between 2 shapes is, the more likely they are the same shape.

My = (20 + Mo2) (4.2)

My = (20 — M02)* + 40t (4.3)

M5 = (N30 — 3112)% + (3021 — Mo3)? (4.4)
My = (30 + 112)% + (21 + 7M03)? (4.5)

Ms = (30 — 3112) M0 + M12)[(M30 + M12)% — 321 + M03)21+ (3N21 — Noz) (21 + Mo3)

[3(M30 + M12)% - (21 + 103)?] (4.6)

Me = (20 — M02)[(M30 + 112)* — (21 + M03)%1+ 4011 (W30 + 112) (21 + Mo3) (4.7)

M; = (3121 — N03) M30 + N12)[(M30 + M12)* — 321 + 103)2]1 - (N30 + 3112) (M21 + Mo3)

[3(30 + M12)% - (21 + M03)?] (4.8)
1 1

Dl(A,B) - F - H_A (49)

D,(A,B) = |HF — HY| (4.10)
yB_pgA

D4(4,B) = 1] @.11)
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Section 4.7 Area Ratio Classification

The implementation of three Area Ratios is another method used to classify detected
objects. The three used in this project are the ratios between the detected contour’s area and the
area of three enclosing shapes. As a recap, each binarized contour in the visual models and the
templates gets a Bounding Box, a Minimum Area Bounding Box, and a Minimum Area Ellipse to
surround it, as shown in Figure 4.4. Additionally, the contour area of each contour is the sum of
white pixels present. The areas of the Bounding Box and Minimum Area Bounding Box were then
calculated by multiplying the length and width of each box. The area of the Minimum Area Ellipse

was calculated by multiplying the major and minor arc lengths by Pi.

Dividing these three areas by the contour area gives a ratio for each contour. This process
is repeated for each template, resulting in template and target contour area ratios. The respective
ratios of the templates and detected contours can then be compared using the distance operator
shown in Equation 4.12. This distance measure is the absolute value of the difference between the
template area ratio (p) and the visual model’s contour area ratio (¢). Similar to Hu Moments, the

smaller the difference value is, the higher the probability of a match.

D=|p—q| (4.12)

Section 4.8  Template Matching

Template matching is another method performed on each visual model to classify objects
and obtain their location. Template matching is the process of sliding a grayscale template image
across a larger grayscale target image. The difference between the portion of the target within the
sliding window and the template are calculated and tested against a threshold level. If the matching
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percentage is greater than the user specified threshold, then a match is detected and a bounding
box is created around the matched object, as shown in Figure 4.5 for the template of Rocks. This

bounding box provides the coordinates of the top right and bottom left corners.

The implementation of template matching is accomplished as follows. Having extracted
template images for Hu Moment and Area Ratio object classification, these same templates are
reused. For this project, the threshold level is .95 which corresponds to a 95% match between the
target and the template, which was determined experimentally. The similarity between a template
(7) and each image (/) at points (x,)) was calculated by using the normalized cross coefficient as

shown in Equation 4.13.

Taryr T(x ¥ )11 (xe+x" y+y"))

R(x,y) = (4.13)
[Exry TGy Sy 1ty ')
Where
T'(x,y") = T, Y") = s * Ty T, Y") (4.14)
I'x+x',y+y)=Ikx+x",y+y')— L. Yy l(x+x",y +y'") (4.15)

(wxh)

An issue with this method is that the visual models have objects in a variety of sizes.
Template matching in general is sensitive to scale, which would result in many false negatives if
directly applied. To address this problem, the template image is iteratively resized in 10% intervals
ranging from 10% of the original size to 200%. At each scale, the matching method is
implemented, thus making template matching scale invariant. Having detected objects at multiple
scales, the final step is removing duplicate shapes. For example, if a circle is detected at a large

scale, a concentric, smaller circle may be detected at the same location. To address this, all shapes
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are checked to determine if identically classified shapes overlap in location and, if so, the smaller

one of them is filtered out.

B Detactad O =

ocean water model .

Figure 4.5: Template Matching for rocks with bounding box shown

Section 4.9  Machine Learning Classification

Machine learning is a family of powerful computational algorithms that has been shown to
significantly improve the accuracy of classifying objects in many research studies. Drawing
inspiration from these studies and in order to test the performance of a supervised approaches as
well, we have used a combination of feature extraction and a machine learning classifier. Since the
amount of labeled, ground truth data is very limited for this project as we only used a very limited
number of templates for training, only the Decision Tree classifier is currently explored. This will

be used as a basis for future machine learning applications as more labeled data is collected.

The Decision Tree classifier operates by taking a feature vector with a corresponding
classification label as its training input. It then receives the testing feature vectors, which have
identical attributes with different values, but does not take the test sets labels. The features are then

ranked in terms of their information gain and used to predict the classification labels in the test set.
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For the purposes of this thesis, the final classifications will be the object type, which are extracted

from the same templates used for Hu Moments and Area Ratios, are as follows:

List of Features used for Decision Tree:

1. Number of edges in the contour’s approximate polygon
2. Ratio of Bounding Box Area to Contour Area

3. Ratio of Minimum Area Bounding Box to Contour Area
4. Ratio of Bounding Ellipse Area to Contour Area

5. Minimum Area Bounding Box rotation

6. Bounding Ellipse rotation

7. Distance between the geometric center and the centroid

Section 4.10 Cascaded Voting System

To reach the final classification of a shape using the previously described methods, a
cascaded voting system is implemented on three levels. The first is for the individual Area Ratios,
the second for the three Hu Moments and three Area Ratios, and the last level produces the final

object classification.

The three Area Ratios, namely the Bounding Box Ratio, Minimum Area Ratio, and Ellipse
Ratio, each finds the most similar contour area to the respective bounding shape ratio in the
templates as described in Section 4.7. The similarity measures are ordered as a list and are then set
to a majority rules voting system for the top 1, 3, and 5 results. For example, the Bounding Box
ratio can produce a list of results in ascending order of similarity such as [Square, Circle, Circle,

Square, Square]. If a top 1 voting system is implemented, then the most similar measure is used,
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in this case a Square. If a top 3 voting system is used, then the majority of the first three will be
the decision, which is a Circle since it has two out of the three best. For a top 5 voting system, the
majority of the five highest similarity scores will be used, which is a Square in this case since 3

out of 5 are Squares.

At the next level, the three Hu Moment measures and three Area Ratios each return n
independent classifications. Focusing on the Hu Moments, the three results will be used in a
majority rules voting system where if any two of the methods produce the same classification, this
will become the final Hu Moment classification. The same process is implemented for the three
Area Ratios. Thus from the three independent Hu Moment and Area Ratio classifications, only a

single Hu Moment and a single Area Ratio classification are produced.

The final voting system combines the Hu Moment and Area Ratio classifications with the
Rules-based classification. Another majority-rules voting system is implemented between these
three. For example, if the Rules-based and the Hu Moment classifications match, then the final
classification of the object is whatever these two methods predicted. A diagram of this three-level

cascaded voting system is illustrated in Figure 4.6.
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Figure 4.6: Flow Chart of the cascaded voting system

A post-processing step checks that multiple, identical shapes are not detected at the same
exact location. If they are, then priority is given to one instance of the shapes while the rest are
deleted so that duplicates are not predicted. Finally, what began as a contour detected in a visual

model is classified as a shape along with its characteristics such as orientation, location, color,

width, and height.
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Section 4.11 Arrow Orientation

The determination of arrow orientation is a feature of particular importance to ETS as thesy
portray information about the behavioral movement of objects. To our knowledge, an effective
method relevant to this context does not exist so we propose a novel approach to determine arrow
orientation. The first step in calculating the orientation was to take the contour of each candidate
arrow in an image and fit a rectangular Bounding Box, a minimum Area Bounding Box, and a
minimum Area Ellipse around it. Each of these has center coordinates that can slightly vary based
on the angle of the arrow, so the average of all three was calculated and used as the geometric
center of the arrow. Then, the centroid of the arrow was derived to determine the coordinates of

the arrow’s center of mass.

M;j =Xy Xy x'y) « 1(x,y) (4.16)
- My o
X = (4.17)
— My 1
Y= e (4.18)
Centroid = (X,y) (4.19)

Equation 4.16 is the general formula for deriving the moments of an image. M, ; denotes
the ith and jth order moment of an image, x and y denote the coordinates within an image, and
I(x,y) represents the pixel intsenity at location (x,y). Since the images have been binarized, the
intensity will always be one for white pixels and zero for black pixels. Therefore, the 0" order
moment (My ¢) is the sum of all white pixels, i.e. the area of the contour. The centroid is then
calculated as the first order of each coordinate normalized by the contour area, resulting in the

center of mass of the shape.
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Equipped with the geometric center and the centroid, the next step was to use both of these
to determine the direction of the arrow head. The overarching idea that guided this approach was
that the centroid would be shifted in a certain direction relative to the geometric center in the
direction of the arrow head. An analogy would be to picture a regular, rectangular see-saw. In this
case, the geometric center and the center of mass are equal. Replacing the rectangular see-saw with
an arrow while keeping the geometric center the same, the see-saw will tilt in the direction of the
arrow head because the center of mass is shifted in that direction. Using this insight, a rules based

approach was created to decide the angle of each arrow.

Initially, the angle of each arrow is calculated between 0-180 degrees relative to the vertical
based on the minimum Area Ellipse. For consistency, this angle will be called the ellipse angle for
the remainder of this section. In this scenario, an arrow facing North and an arrow facing South
both have angles of rotation equal to zero degrees. Three sets of rules were created to adjust for
this. The first set, listed below, determines the angle for arrows in 90 degree intervals facing North,
South, East, and West based on a three degree margin of error from the ellipse angle. An example

of the implementation of these rules is found in Figure 4.7.

1. Ifthe ellipse angle is greater than 177 degrees or less than 3 degrees and the Y coordinate
of the centroid is higher than the geometric center, then the angle equals 0 representing a

North facing arrow.

2. If the ellipse angle is greater than 177 degrees or less than 3 degrees and the Y coordinate
of the centroid is lower than the geometric center, then the angle equals 180 representing a

South facing arrow.
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3. If'the ellipse angle is between 87 and 93 degrees and the X coordinate of the centroid is to
the right of the geometric center, then the angle equals 90 representing an East facing

arrow.

4. If the ellipse angle is between 87 and 93 degrees and the X coordinate of the centroid is to

the left of the geometric center, then the angle equals 270 representing a West facing arrow.

Ellipse angle: BB degrees

Figure 4.7: Adjusted arrow orientation based on 3-degree margin of error

The next set of rules once again determine the orientation of arrows that could potentially face
North, South, East, or West. To differentiate from the above rules, these accommodate for small
differences in the coordinates of the centroid and the geometric center that still correspond to one
of the four cardinal directions, as shown in Figure 4.8. The motivation to do a second set of rules
specifically for these cardinal directions is due to the higher frequency of errors at these points
because the ellipse angle goes from 0-180 causing a greater number of errors at these points. The

rules based on coordinate similarity are as follows:

1. If the centroid’s X component is within 1 pixel of the geometric X component and the
centroid’s Y component is higher than the geometric Y component, then the angle equals

0 corresponding to North.
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2. If the centroid’s X component is within 1 pixel of the geometric X component and the
centroid’s Y component is lower than the geometric Y component, then the angle equals

180 corresponding to South.

3. [If the centroid’s Y component is within 1 pixel of the geometric Y component and the
centroid’s X component is to the right of the geometric X component, then the angle equals

90 corresponding to East.

4. 1If the centroid’s Y component is within 1 pixel of the geometric Y component and the
centroid’s X component is to the left of the geometric X component, then the angle equals

270 corresponding to West.

Ellipse angle: & degrees

Figure 4.8: Adjusted arrow orientation based on coordinate similarity

Having accounted for the cardinal directions with a three degree margin of error and a one
pixel margin of error, the third set of rules determines whether to adjust the intermediate angles by

180 degrees. An example of adding 180 degrees is shown in Figure 4.9.
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If the centroid is Northeast of the geometric center, then the arrow angle equals the ellipse

angle.

If the centroid is Southeast of the geometric center, then the arrow angle equals the ellipse

angle.

If the centroid is Southwest of the geometric center, then the arrow angle equals the ellipse

angle plus 180 degrees.

If the centroid is Northwest of the geometric center, then the arrow angle equals the ellipse

angle plus 180 degrees.

centroid = (51, 45)
geometric center = (54,

Ellipse angle: 134 degrees Adjusted angle: 314 degrees

Figure 4.9: Adjusted Northwest arrow orientation
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Section 4.12 Scoring of Visual Models

The evaluation of the visual models consists of three general steps. First, the individual
shapes and corresponding features are extracted from each model, as described in Sections 4.2 to
4.10. Then, these features are aggregated to a second level of 10 features that describe the model.
The final step is using these aggregated features to predict the Learning Progression (LP). As
described in Section 2.1, a LP is a score of 1 (lowest) to 4 (highest) that represents a student's
understanding of a concept, in this case the concept of “Matter”. The LP used for this study consists
of four dimensions each with their own sub-progressions as displayed in Table 4.1, where the
combination of dimensional scores maps to the overall LP score. The dimensions are Scale (S),
Material Identity (MI), Behavior (B), and Distribution (D). The Scale dimension portrays the
composition of Matter based on the micro and macro objects. The Material Identity dimension
portrays the number and identity of the objects used in the visual model. The Behavior dimension
measures the movement of the objects relative to each other. Finally, the Distribution dimension

examines the spatial locations of objects relative to each other.

S MI B D
1| 2 3 4 1 2 3 1 2 3 4 1 2 3
LP-1 | X | X X | X X X
LP-2 X | X X X | X X
LP-3 X | X X | X X | X X
LP-4 X X | X X | X X | X

Table 4.1: Mapping Learning Progressions to four dimensional sub-progressions

These four dimensions were grouped into two broad feature categories: counting-based and

spatial-based features. Counting-based features include the Scale, Material Identity, and Behavior
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dimensions. Scale is measured by the ratio of macro and micro objects with each visual model
having its own target ratio. Material Identity is evaluated by the difference from the Expected
Individual Count (EIC) of microscopic objects, where the EIC is the expected number of specific
micro-objects for each question. The Behavioral dimension is interpreted by the orientation and
length of arrows where the length denotes the velocity of an object.

Spatial-based features include the Distributive dimension for objects. The k-Nearest
Neighbors (k-NN) [17] algorithm is used to determine the relative clustering of particles based on
the inter-particle distance. To determine both local and global relations of objects values of k=3

and k=10 were used respectively.

Features Description
Counting-based
Micro-object types Number of each type of micro-object
Macro-object types Number of each type of macro-object
Micro-object color types Number of types of micro-object colors
EIC deviation EIC minus count of each type of micro-object
Arrows Count of arrows
Arrow lengths Mean length of arrows
Arrow randomness Variance of arrow orientations
Spatial-based
k-NN =3 Mean distance to 3 nearest micro-bojects
k-NN =10 Mean distance to 10 nearest micro-objects
Dispersion Mean normalized spread of micro-objects

Table 4.2: Descriptions of 10 features used to score visual models
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Once a total of 10 features were extracted as shown in Table 4.2, the final step was to score
the visual models and map the results to a LP score. The score prediction process utilized eight
regressors and classifiers, as shown in the list below. We employ these various learners in the
SciKit-Learn machine learning framework via SKLL for experimentation [79, 80]. The results of
these learners are tuned to a Quadratic Weighted Kappa (QWK) score which compares the
predicted results to human-annotated LP scores. The range of QWK scores is from 0 to 1, where
0 means a completely random prediction and a score of 1 represents a complete match between
predicted and ground truth labels. A benefit of these approaches is that the outputs are human-
understandable which is highly beneficial for educational tests.

List of Learners:
1. Linear Regression
2. Logistical Regression
3. Decision Tree Regression
4. Support Vector Regression
5. Random Forest Regression
6. Decision Tree Classifier
7. Support Vector Classification

&. Random Forest Classification
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Chapter 5: Experimental Results

To determine the results of this project, the experiments can be split into two portions. The
first of these is the evaluation of correct object recognition within the visual models. The second
part is the prediction of Learning Progression (LP) scores, followed by the comparison between

these predictions and human annotated LP scores.

Section 5.1  Object Classification Results

The first part of this project tests multiple approaches to classify shapes and their features
in images. These experiments were conducted on the Ocean Water dataset, provided by Education
Testing Services (ETS), which had 50 doubly-annotated visual models and an additional 94 single-
annotated models. The single-annotated models were prone to more human error for the ground
truths, especially for squares, leading to two separate experiments being conducted. The first on

the 50 images separately and the second on the combined 144 images.

For both the 50 visual models and the 144 visual models in the Ocean Water Dataset, the
same metrics were used for evaluation. The first two metrics are the Dataset Accuracy and Average
Accuracy per Image. The Dataset Accuracy is calculated as the total number of True Positive
predictions divided by the total number of instances in the ground truth. The Average Accuracy
per Image is calculated by first dividing the number of True Positives by the total number of objects

per image. Then, the resulting accuracies per image are averaged to produce the final output. The
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motivation for using two accuracy measures is that the Dataset Accuracy is less sensitive to outliers
in individual model accuracy, whereas the Average Accuracy per Image is more sensitive to
outliers. Since Diamonds were not predicted for Hu Moment Classification, Area Ratio
Classification, Template Matching, and Decision Tree Classification, Diamonds will be excluded
from both accuracy measures for these methods. Furthermore, since the goal of this project focuses
on micro-object detection, the category of Other shapes will also be excluded from all accuracy

measurcs.

Aside from the two accuracy measures, the Precision, Recall, and F1 Score are calculated
for each object type. The calculations for these three are illustrated below in Equations 5.1-5.5
where 77 is the number of True Positives, Fp is the number of False Positives, and Fy is the number
of False Negatives for each object type. These will illustrate the quality of classifications based
on each type of object rather than the accuracy of the overall visual model. The Precision, Recall,

and F1 measures were calculated for the two best approaches in the accuracy measures.

Tp

Dataset Accuracy = 100 ¥ — (5.1)
Total # objects
Average Accuracy per Image = 100 * Avg (# Obﬁiftirpizjiige) (5.2)
Precision = 100 * —2 (5.3)
Tp+Fp
Recall = 100 + —= (5.4)
Tp+Fpn

F1 Score = 2 * Precison* Recall (5.5)

Precision+Recall

A variety of approaches were implemented to produce these results. First, the individual

methods of the Rules-based Classification, Hu Moment Classification, Area Ratio Classification,
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and the Decision Tree Classification are conducted. The Area Ratios method, as described in
Section 4.10, has a voting system for the three individual ratios that classify based on a majority
of the top n results where n can equal 1, 3, or 5. The Area Ratios at each of these three voting
levels are combined with the Hu Moment and Rules-based votes to form a Cascaded Voting
System which is denoted by Voting System (n votes), along with all the other methods, in Figures

5.1 and 5.2 below.

50 Image Ocean Water Dataset Accuracies
943 95.3

ACCURACY (%)

Rules-based Hu Moment Ar

Figure 5.2: Accuracies of classification methods on the 144 image Ocean Water dataset

51



The results of the Dataset Accuracy and Average Accuracy per Image show that, on both
the 50 image and 144 image datasets, the Rules-based Classification method is the best with the
5-vote Voting System right behind it. This implies that the Area Ratios and Hu Moments do not
help improve the Rules-based approach in increasing the overall accuracy. On the other end of the
spectrum, Template Matching is the worst performer, owing to the poor quality of templates and
the inability to rotate templates of arrows. To gain a clearer idea of why the Average Accuracy per
Image is drastically lower than the Dataset Accuracy, each individual image’s accuracy was
analyzed for the Rules-based Classification. It was discovered that images with objects in a non-
white background region were getting much lower accuracies than the median and mode scores of
100%. This points to an issue at the color segmentation portion which can be addressed in future

work. An example of a problematic visual model is displayed below in Figure 5.3.

ocean water

water particles

salt

Figure 5.3: Low accuracy visual model due to non-white background

The resulting Precision, Recall, and F1 Scores for the Voting System with 5 votes and the
Rules-based Classification are listed below in Tables 5.1 and 5.2. These measures are conducted
on both the 50 image Ocean Water dataset and the 144 image dataset. For the 50 image dataset,
the Voting System had a higher F1 Score and Precision than the Rules-based Classification for
Arrows, indicating that fewer False Positives were predicted. Since Arrow detection was of high

importance for ETS, these relatively higher scores for the Voting System validated its use. On the
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other hand, the Rules-based Classification had a higher Recall indicating fewer False Negatives
were predicted. The rest of the shapes have identical values indicating that the Voting System
classified the rest of the shapes in the same manner for the 50 images or that the rule-based
approach had a major influence in the voting system. A larger discrepancy emerges on the 144
image dataset. The Rules-based Classification has a higher F1 Score for Arrows, Circles, and
Triangles indicating fewer false predictions, while the Voting System achieved higher precision
for Squares. Notably, the F1 Scores for Squares are around 20% lower in the 144 image dataset
for both methods, matching the observation that the larger dataset contains many ground truth
errors for the Squares count because it incorrectly counts background boxes as Squares. Further
evidence of the 144 image dataset having mislabeled Squares are the high Precision measures of

98.1% for the Voting System and 95.7% for the Rules-based Classification.

Voting System (5 Votes) on 50 image Ocean Water dataset

Arrow Circle Square Triangle Diamond
Precision 95.7 93.5 78.6 96.0 100.0
Recall 90.7 94.7 943 88.9 100.0
F1 Score 93.1 94.1 85.7 923 100.0

Rules-based Classification on 50 image Ocean Water dataset

Precision 86.4 93.5 78.6 96.0 100.0
Recall 97.9 94.7 94.3 88.9 100.0
F1 Score 91.8 94.1 85.7 923 100.0

Table 5.1: Precision, Recall, and F1 Score on the 50 Ocean Water dataset
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Voting System (5 Votes) on 144 image Ocean Water Dataset

Arrow Circle Square Triangle Diamond
Precision 90.0 97.4 98.1 84.5 100.0
Recall 78.4 87.2 494 92.2 100.0
F1 Score 83.8 92.0 65.7 88.2 100.0
Rules-based Classification on 144 image Ocean Water Dataset
Precision 90.6 97.6 95.7 94.7 100.0
Recall 84.2 87.4 49.7 92.2 100.0
F1 Score 87.3 92.2 65.4 93.4 100.0
Table 5.2: Precision, Recall, and F1 Score on the 144 Ocean Water dataset
Section 5.2  Learning Progression Scoring

The ultimate goal of this project is to automatically score visual models with a Learning
Progression (LP) score between 1-4. The LP scores are classified based on the combinations of the
10 aggregated features across four dimensions as described in Section 4.12. The datasets are
shuffled into a 10-fold cross validation with all LP scores present in each fold. The predicted LP
scores are then compared to human annotated scores by using supervised regressors and classifiers.
The results of these are all tuned to Quadratic Weighted Kappa (QWK) which measures the
similarity between the predicted and human annotated scores on a scale of 0 to 1, where 0
represents no match and a score of 1 is an identical match. Additionally, Learning Curves of the
Linear Regressions are displayed for each dataset, displaying how the error gap between training

and validation sets decreases as the number of training examples increases.
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The first dataset to be analyzed is the 144 image Ocean Water dataset. To compare the
Rules-based Classification and Voting System, both methods were independently used to extract
all the necessary features. Then, a 10-fold cross validation was performed. The resulting average
QWK scores for each type of learner are displayed in Figure 5.4 and the respective Learning
Curves in Figure 5.5. The same methods were applied to the 174 image Ocean Water dataset that
includes the 30 Synthesized Ocean Water visual models. The average QWK Score for the larger

dataset are displayed below in Figures 5.6 and the respective Learning Curves in Figure 5.7.

144 Image Ocean Water QWK Scores

0.52 0.5 : 0.5 Ly . 0.51 0.5 0.51

Linear Decision Tree  Logistic Random Support  Decision Tree Random Support
Regression  Regression  Regression Forest Vector Classifier Forest Vector
Regression  Regression Classifier Classifier

LEARNER TYPES

Figure 5.4: QWK Scores for 8 learners on the 144 image Ocean Water dataset
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Figure 5.5: 144 Image Ocean Water learning curves for voting system (A) and rules-based (B)

methods

Ocean Water Dataset QWK Scores

LEARNER TYPES

Figure 5.6: QWK Scores for 8 learners on the 174 image Ocean Water dataset
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Figure 5.7: 174 Image Ocean Water learning curves for voting system (A) and rules-based (B)

The results for the 144 Image Ocean Water Datset has a peak Quadratic Weighted Kappa
(QWK) score of .56 for the Voting System and .55 for the Rules-based Classificaation, both of
which were achieved with the Random Forest Regressor. For the 174 Ocean Water Dataset with
the Voting System has an average QWK score of .711 with a standard deviation of .033. The
Voting System scored higher for Decision Tree Classification and Regression. On the other hand,
the Rules-based Classification has an average QWK score of .716 with a standard deviation of
.046. The peak score for both methods was with the Random Forest Regressor, achieving scores
of .75 for the Voting System and .77 for the Rules-based Classification. This shows a strong ability
to predict the LP level of an Ocean Water instance based on its automatically extracted features.
These high scores further validate this project's effectiveness in classifying the types and
characteristics of the objects. The Learning Curve in Figure 5.7 also shows the expected pattern of

the error minimizing as the QWK scores converge.

The second dataset to be analyzed is the 195 image Ocean Water Dataset. Once again, the

features were autoamtically extracted with the Rules-based Classification and Voting System,
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followed by a 10-fold cross validation. The average QWK Score of the 10 folds is displayed below

in Figure 5.8.

Voting System Two Can Dataset

Figure 5.8: QWK Scores for 8 learners on the Two Can dataset
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Figure 5.9: Two Can learning curves for voting system (A) and rules-based (B)

The resulting QWK Scores are nearly identical for both the Voting System and Rules-based
Classification approaches, providing greater evidence of their similarity at the fundamental feature
extraction level. This further shows that both of them generalize to novel datasets in a similar
manner. The average QWK Score for this dataset is .4 with a standard deviation of .1 for both
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methods. The peak score is achieved using the Random Forest Classifier with a QWK score of .52
for both methods. These results are relatively lower than those for the Ocean Water Dataset, a
finding consistent with the design of this system. The Two Can dataset contains hand drawn objects
and labels which our system was not designed to recognize. The Learning Curves in Figure 5.9 for
the Linear Regression still shows the error minimizing as the number of training examples
increases, but it converges slightly below a QWK score of .5 as compared to the approximate
convergence value of .75 for the Ocean Water dataset. This culminates in showing worse LP
prediction for the Two Can dataset than the Ocean Water dataset. However, we expect that the

results might potentially improve once the new hand drawn objects problem is addressed.

Section 5.3  Cross Domain Analysis

After testing the individual datasets, a cross domain analysis was performed between the
Ocean Water and Two Can datasets. Figure 5.8 below illustrates the results of the first of these
analyses in which the Ocean Water dataset is used for training and the Two Can dataset is used for
testing. The results show a peak score of .37 using Support Vector Regression. The average QWK
score between the eight learners is .28 with a standard deviation of .065. These results are
consistent with the theoretical expectations that cross domain scores will be lower than when

testing on the same dataset as training.
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Figure 5.10: Cross domain QWK trained on Ocean Water dataset and tested on Two Can dataset

The second cross domain analysis is the reverse of the first. In this case, the Two Can
dataset is used for training and the Ocean Water dataset is used for testing. Notably, there are 32
instances in the Ocean Water dataset that have an LP score of 4, whereas there are no instances of
an LP score of 4 in the Two Can dataset. If these instances remained in the Ocean Water dataset,
it would be impossible to predict them as LP 4 based on the current training data. For this reason,
the 32 instances were removed, leaving a 142 image Ocean Water test set. As displayed in Figure
5.9, the results show a peak QWK score of .49 for Logistic Regression, an average score of .27 for
the eight learners, and a standard deviation of .137. These results are also consistent with the
expectation that the cross domain analysis yields lower scores than when 10-fold cross validation

was applied directly on the Two Can dataset, i.e., learning from the same exact domain.
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Figure 5.11: Cross domain QWK trained on Two Can dataset and tested on Ocean Water dataset
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Chapter 6: Discussion

The results of this project reveal both promising potential for industrial application and
specific areas to focus on for improvement. Focusing on the positive aspects, the dataset accuracies
for object classification achieved a maximum of 95.3% accuracy on the 50 images that had doubly
annotated labels when using the Rules-based Classification. On the topic of feature extraction, the
novel method to determine Arrow rotation was indirectly validated by the high QWK scores
averaging above .7 for the 174 Image Ocean Water Dataset and peaking at .56 for the 144 Image
dataset. The .56 score is near the peak .62 QWK score achieved by ETS on the 148 Image Ocean
Water dataset and this score is surpassed on the 174 image dataset [38]. Furthermore, this method
automatically generates the classifications and features of the objects, whereas previous versions
relied on using specific software that labeled the objects and their features upon creation. Based
on these two aspects alone, the goal of automating the scoring of scientific visual models is

accomplished.

Although the results are promising, room for improvement remains in key areas. An
essential resource for future improvement will be high-quality templates and more properly labeled
ground truth visual models. Due to the unforeseeable events related to the CoVID-19 pandemic,
the number of labeled visual models were limited and templates of all objects could not be
provided. Based on the 20% drop in F1 Score for Squares when comparing the 50 image Ocean
Water dataset to the 144 image version, it is reasonable to conclude that our perceived errors in

the ground truths are valid. The large decrease in accuracy for the larger dataset cannot be properly
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analyzed until correctly labeled visual models are provided, although it is likely that the accuracy
will significantly increase once these are acquired. Aside from properly labeled models, high-
quality templates of each object can improve methods such as Hu Moment Classification and Area
Ratio Classification, both of which ultimately feed into the Cascaded Voting System. Even without
these resources, the Cascaded Voting System performed relatively well compared to the Rules-
based Classification, but further evaluation is necessary with better resources to determine if the
Voting System outperforms the individual methods. The motivation for improving the Cascaded
Voting System is due to accuracies increasing for the Area Ratios and the Voting System as the
number of votes increased. This provides evidence as a proof of concept and motivates future

research.

Another method that will be improved by properly labeled models will be supervised
machine learning. For this project, the Decision Tree Classifier was trained only on the very few
extracted, low-quality templates. These not only lacked the Diamonds shape, but were few in
number. Even with these circumstances, the Decision Tree results showed a Dataset Accuracy of
94.3%. These results are promising enough to warrant future research with better resources and
other classifiers, especially with ground truths containing the correct classifications and
coordinates of all the shapes. Furthermore, if the individual classifiers prove effective, they could

be used as inputs to the Cascaded Voting System for potential better outcomes.

A key aspect that can be explored for future improvement without additional resources is
color segmentation. The average accuracy per image was lower across all methods implying that
certain images are outliers. Upon further analysis, it was found that a select few images were
proudcing low accuracies and they all shared the pattern of the objects being in a non-white

background. Our belief is that during the binarization of the image, the objects were mixed in with
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the background, thus making them undetectable. Future work can explore methods to remedy this

so the background color has little to no impact on object detection and classification.

For the automatic scoring of the visual models, the two best methods were tested on the
Ocean Water and Two Can datasets. Peak scores of .77 for the Rules-based Classification and .75
for the Voting System were achieved. As noted earlier, these results surpass previous methods and
do so based on automatic object classification and feature extraction. These scores markedly
dropped to a peak of .52 when tested on the Two Can Dataset though. The rationalization of this
drop in performance is that the Two Can models have hand-drawn objects and words. This project
was not designed to recognize hand-drawn objects, rather focusing on digital objects. Future work
can add methods that are better suited for recognition of a broader scope of objects. If a large
enough training corpus is provided, deep learning methods could also be implemented to
generalize the foundational level of object classification and feature extraction, thereby generalize

the automatic grading of scientific visual models.
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Chapter 7: Conclusion

The modern emphasis on scientific education is being met with novel methods of
assessment such as visual modeling. Scientific visual modeling has been shown to adequately
measure a student’s understanding of a concept, but has been historically barred from widespread
use because the models had to be graded by hand. To address this scalability problem, this project
implemented a variety of automatic unsupervised and supervised methods which first classify and
extract features from the objects in a scientific model. This was done by using individual
approaches as well as designing a Cascaded Voting System that integrated multiple approaches in
order to design a more reliable system. At the feature extraction level, this project implemented a
novel method to determine the orientation of Arrows, a feature of particular importance for the
final LP score prediction. Following this, the features were aggregated to better describe the overall
model. Finally, a Learning Progression score from 1 (poor conceptual understanding) to 4 (strong

conceptual understanding) is produced to evaluate each model.

Our results and extensive analysis are very promising and indicate the feasibility and high
accuracy of our system, especially when using the Rules-based Classification and the Cascaded
Voting System. For instance, using a Rules-based Classification, this project achieved 95.3%
accuracy in automatically classifying objects and a Quadratic Weighted Kappa score of .77, which
is higher than previously implemented methods published in literature. These results provide
evidence that this method of automatically describing a scientific visual model and grading it can

solve the scaling issue, making scientific visual modeling a viable tool for widespread use.
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