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ABSTRACT

SMOKE+: A VIDEO DATASET FOR AUTOMATED FINE-GRAINED ASSESSMENT OF

SMOKE OPACITY

Computer vision has traditionally faced difficulties when applied to amorphous objects like

smoke, owing to their ever-changing shape, texture, and dependence on background conditions.

While recent advancements have enabled simple tasks such as smoke detection and basic clas-

sification (black or white), quantitative opacity estimation in line with the assessments made by

certified professionals remains unexplored. To address this gap, I introduce the SMOKE+ dataset,

which features opacity labels verified by three certified experts. My dataset encompasses five dis-

tinct testing days, two data collection sites in different regions, and a total of 13,632 labeled clips.

Leveraging this data, we develop a state-of-the-art smoke opacity estimation method that employs

a small number of Residual 3D blocks for efficient opacity estimation. Additionally I explore the

use of MAMBA blocks in a video based architecture, exploiting their ability to handle spatial and

temporal data in a linear fashion. Techniques developed during the SMOKE+ dataset creation were

then refined and applied to a new dataset titled CSU101, designed for educational use in Computer

Vision. In the future I intend to expand further into synthetic data, incorporating techniques into

Unreal Engine or Unity to add accurate opacity labels.
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Chapter 1

Introduction

Visually determining the opacity of smoke presents a challenge with real-world implications,

where accurate measurements inform and guide management practices in industrial settings. Since

the Clean Air Act was enacted in 1970, the United States Environmental Protection Agency (EPA)

has regulated the opacity of emissions from both stationary and mobile sources, including automo-

bile tailpipes and industrial smokestacks.

While certified human observers are typically deployed and various sensors have been trialed

for smoke opacity measurement, the use of computer vision for this purpose is novel. Building

upon the need for enhanced measurement techniques, deep learning models offer a promising so-

lution. Despite recent advancements in smoke detection through deep learning [1], the task of

accurately predicting smoke opacity remains inadequately addressed. Accurate utilization of com-

puter vision techniques for this task requires large amounts of data, which are often limited or

impossible to obtain. To fill this research void, I introduce an innovative, soon to be public video

dataset titled: Systematic Measurement Of Smoke Evaluations with Synthetic Data (SMOKE+).

SMOKE+ has been meticulously annotated with independently verified ground-truth opacity read-

ings. SMOKE+ presents a unique opportunity to apply advanced computer vision technologies,

which will be explored in this thesis to enhance the accuracy and efficiency of smoke detection

and opacity measurements. This dataset will be pivotal for developing and benchmarking deep

learning models specifically designed for the precise prediction of smoke opacity, representing a

significant step forward in opacity measurement technologies.

1.1 Challenges with Smoke

Detecting and characterizing smoke involves navigating a unique set of challenges due to its

inherently amorphous nature. Unlike solid objects, smoke lacks a constant shape or structure,

influenced heavily by its physical properties and environmental factors, leading to high variability
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in form and appearance. This transience and rapid change in shape make consistent tracking and

identification difficult for both human annotators, and Computer Vision models. Furthermore, the

color and opacity of smoke can vary significantly, from light (white) to dark (black), depending

on the combustion process, and are also affected by environmental conditions like sunlight, adding

another layer of complexity. The task is again further complicated by the visual similarity between

smoke and clouds, which share comparable textures. A successful algorithm will need to be robust

to the presence of clouds, and other environmental factors.

1.2 Challenges of deep learning with smoke

Traditional methods, such as Convolutional Neural Networks (CNNs), when looking at images

and videos, tend to pick out the general shape and structure of an object in the image. This proves

useful when working objects definable by shape and/or texture, such as vehicles, buildings, and

trees [2–5]. However, smoke is transient, constantly morphing, and its opacity is defined by the

penetration of light, rather than texture — as its shape and texture are constantly changing from

frame to frame. Pretrained CNNs are tuned to recognize objects in traditional datasets (e.g., Ima-

geNet), and are specifically designed to filter out opacity features in layers prior to the latent em-

bedding (after the penultimate layer, before classification). Traditional computer vision techniques

for predicting opacity are dependent on prior information about the smoke’s background and are

not robust to temporal changes to the background such as shifting clouds. Thus, opacity estimation

required the formulation of a novel solution centered around smoke’s physical characteristics as

manifested in video.

To address the challenges of visually characterizing smoke, in particular the classification of

smoke opacity, we propose a custom model dubbed Opacity Measurement Engine with Graded

Accuracy (OMEGA) that utilizes both the temporal and spatial characteristics of smoke. Our

OMEGA model selects frames and feeds into multiple Residual 3D blocks to capture useful fea-

tures of smoke from both the spatial and temporal dimensions. Furthermore, OMEGA introduces
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a special weighted focal loss function that performs on the statistically skewed population of the

SMOKE+ dataset.

Table 1.1: Comparison of the SMOKE+ dataset with similar existing datasets. The table presents the
number of labeled clips, total frames, and average frames per clip. The ‘Ratio of smoke frames’ column
indicates the percentage of frames in which smoke is present. Additionally, the presence of opacity values
signifies whether opacity labels are provided for each clip in the respective dataset.

Dataset Clips Frames
Avg Frames

per clip

Smoke
Frames
Ratio

Temporal
Data

Opacity
Labels

Xu et al. [6] – 5,700 – 49% ✗ ✗

Xu et al. [7] – 3,578 – 100% ✗ ✗

Xu et al. [8] – 10,000 – 50% ✗ ✗

Ba et al. [9]*† – 6,225 – 16% ✗ ✗

Lin et al. [10]* – 16,647 – 29% ✗ ✗

Yuan et al. [11]* – 24,217 – 24% ✗ ✗

Bugaric et al. [12] 10 213,909 21,391 100% ✓✓✓ ✗

Ko et al. [13] 16 43,090 1,514 37% ✓✓✓ ✗

Dimitropoulos et al. [14] 22 17,722 806 56% ✓✓✓ ✗

Toreyin et al. [15] 21 18,031 820 98% ✓✓✓ ✗

Filonenko et al. [16]* 396 100,968 255 61% ✓✓✓ ✗

Hsu et al. [17] 12,567 452,412 36 41% ✓✓✓ ✗

SMOKE+ 13,632 545,260 40 98% ✓✓✓ ✓✓✓

1.3 Main Contributions

• I have compiled a dataset containing 13,622 video clips of black and white smoke releases,

and I have provided the true opacity labels of the clips in the dataset. The dataset contains

a diversity of environments, weather conditions, and six separate view angles per smoke

release.

• As far as I am aware this is the first publicly available dataset for the purpose of evaluating

smoke opacity. Previous works have focused on only smoke detection.
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• I incorporate a large amount of synthetic data into the dataset, allowing for pre-training on

smoke detection, before opacity predictions.

• I present a novel architecture utilizing MAMBA blocks designed to exploit both the spatial

and temporal features inherently present in smoke.

• A stereo-vision board was recorded at the beginning of each day making it possible to 3D

model smoke using this dataset.
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Chapter 2

Literature Review

2.1 Real-World Smoke

2.1.1 Traditional Techniques for Opacity Prediction

In the mid-1950s, the US government funded the Public Health Service (PHS) to research

emissions from sources like industrial smokestacks and vehicles, with studies by Stahman et al.

[18] and [19] noting public concerns about diesel engine smoke opacity. The introduction of

regulations and visual smoke sensors led to the creation of tailpipe meters by the PHS in the

late 1960s, yet concerns persisted regarding their design variations, as highlighted by Bascom et

al. [20].

The US federal government recognizes human observation of smoke opacity, detailed in CFR

Title 40 Part 60, Appendix A, Method 9, which includes requirements for observer positioning,

prediction recording, and certification, which is similar to the usage of the 19th century Ringel-

mann chart [21]. Heinsohn et al. (1992) found that Method 9 for predicting smoke opacity was

technically sound through the evaluation of trained and untrained human observers on various

plumes.

An alternative to Method 9 is referred to as Alternative Method 082 (ALT-082) [22], which

involves using conventional digital cameras and special software to analyze images of emissions

to determine their opacities. The Digital Opacity Compliance System (DOCS) [23–25] and similar

software, like those discussed in ALT-082, necessitate the manual selection of regions of interest

(ROIs) by a human operator in the original images.

2.1.2 Deep Learning for Smoke Detection

Chaturvedi et al. [1] surveyed over 100 papers focused on smoke classification, segmenta-

tion, and bounding-box prediction, revealing that 58% utilized video-based datasets and 42% used
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image-based datasets. Yin et al. [26] presented deep normalization and CNN architecture for

smoke detection in still images, where normalized convolutional layers replaced simple convolu-

tional layers to enhance the training process. Hu et al. [27] utilized spatial-temporal CNN features

for real-time smoke detection. More recently, a hybrid RCNN and 3D-CNN-based smoke detection

technique was proposed to recognize smoke in video frames [28].

2.1.3 Deep learning for Opacity Prediction

Pedrayes et al. [29] utilized deep learning for predicting opacity of fugitive emissions in indus-

trial settings, employing semantic segmentation to identify emissions in images and the Sky and

Building Percentiles in the Blue channel (SBPB) technique to measure opacity. In contrast to [29],

my dataset is not labeled for semantic segmentation, and instead, I only label frames/videos with

ground truth opacity readings. My dataset can be used to train deep learning models to perform

smoke detection in addition to classification of smoke opacity.

2.2 Synthetic Data Generation

2.2.1 Synthetic Smoke

For the task of smoke detection, synthetic data has proven to be a useful resource to improve

model performance [30–33]. Various methods mentioned above are applied to generate smoke. For

example, [32] used two GANs to produce synthetic smoke images, and they found that images from

the higher quality GAN resulted in better smoke detection. Similarly, [34] developed a pipeline

to generate synthetic smoke images that allowed for adjustable parameters to yield desired smoke

components. Several previous works used Blender for manually generating synthetic smoke data

[30, 31, 33]. However, generating a variety of quality smoke images can be difficult and some of

the input can be automated [31].
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2.2.2 Quality of Synthetic Data

Determining measures of quality in synthetic data is important for understanding its impact on

model performance, and much work has been done to create such metrics [35–38]. The Fréchet

Inception Distance [39] was utilized in [40] to determine the quality of synthetic data generated

by a GAN. In [41], Peak Signal-to-Noise ratio (PSNR) and Structural Similarity Index Measure

(SSIM) [42] are introduced into the loss function of a GAN with the aim of reducing noise and thus

improving quality. The impact of synthetic data quality varies by task and field. For example, in a

review of synthetic data, [43] found that studies on photorealistic synthetic data presented different

results, and that the impact depended on the task. Previous work has found that object detection

improved with photorealistic synthetic data [44, 45]. Still, synthetic data created using domain

randomization yields better results than using only real data [45]. It is important to consider that

photorealistic synthetic data has a higher computational cost to produce, and unrealistic data does

still show improvements in model performance [43]. The trade-off between computational cost

and model improvement is an unanswered question which will likely vary by task. Here, I dive

deeper into this problem for the task of smoke detection in industrial settings.
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Chapter 3

Dataset

This chapter provides a comprehensive overview of the dataset utilized in this study. I begin

by detailing the methods employed for data collection and the procedures followed to ensure the

accuracy and relevance of the data. The annotations accompanying the dataset are described, high-

lighting how they facilitate various machine learning tasks. Additionally, I present an analysis of

the dataset’s statistical properties, offering insights into its composition and diversity. A significant

portion of the dataset comprises real-world data, complemented by a smaller segment of synthetic

smoke data, specifically designed to enhance the robustness of the training process.

3.1 Data Collection

The dataset was amassed over five days of testing at two distinct locations: the first being

in Cheyenne, Wyoming, during an expert re-certification event, and the second, METEC, Fort

Collins, CO, hosting a private session. In total, the collection of real world data resulted in 716

GB of video data, equivalent to 19.25 hours of footage, each recorded at 1080p resolution and

24 frames per second (FPS). Table 1.1 displays the statistics of the dataset in comparison with

previous works.

Table 3.1: Descriptive statistics of individual sub-datasets used in the study. The table highlights the num-
ber of runs, total clips, and specific weather conditions encountered on different days. Data was captured
across two distinct filming locations — Cheyenne, WY, and Fort Collins, CO, providing a diverse range of
environmental conditions for the analysis.

Dataset Total Clips Hours of Film Cloudy Overcast Rainy Clear

Wyoming D1 1553 4.25 ✗ ✗ ✗ ✓✓✓

Wyoming D2 1548 3.50 ✗ ✗ ✗ ✓✓✓

METEC D1 4058 6.25 ✓✓✓ ✗ ✗ ✗

METEC D2 4488 3.50 ✓✓✓ ✓✓✓ ✓✓✓ ✗

METEC D3 1985 1.75 ✗ ✓✓✓ ✗ ✗

8



Figure 3.1: An example score-sheet used by a human expert during the opacity measurement tests in
Wyoming. This score-sheet illustrates the point system for scoring accuracy, showing deductions for specific
percentage deviations from the target values. This format was consistently used to evaluate expert perfor-
mance and train models to replicate human assessment accuracy.

3.2 Ground Truth Labels

Ground truth labels for smoke opacity were determined using an apparatus with a light source

on one side of the smokestack and a light receiver directly opposite. The receiver measured the

percentage of light that passed through the smoke, thereby quantifying opacity. For example, an
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opacity reading of 50% was recorded if half the light penetrated the smoke. Figure 3.3 visualizes

the setup of light passing through the smokestack, before being received. These measurements

were systematically rounded to the nearest 5% to align with industry standards and enhance the

reliability of human assessments.

Figure 3.2: A demonstration of how to properly read opacity’s from a smokestack. A common miscon-
ception is to read the opacity from the cloud, however, it’s imperative that it is read at the top of the smoke
stack, immediately after emission.

Figure 3.3: An illustration of ground label collection using a light emission source: Light is emitted through
smoke, with the amount received by a light receiver determining the opacity. If 50% of the emitted light is
received, the smoke is labeled as 50% opaque.
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3.3 Human Labels

To supplement our dataset with robust ground truth labels, we enlisted 40 experts for evalu-

ations on the initial day of data collection in Wyoming. These experts, on site to achieve their

certification in environmental monitoring, evaluated smoke opacity using a rigorous scoring sys-

tem. Missing the target opacity by 5% led to a deduction of one point, by 10% two points, and by

15% three points. A deviation of 20% or more in any single measurement, or accruing more than

37 points in either half of the test, resulted in automatic failure. These stringent criteria ensure

that our dataset reflects high standards of accuracy. The evaluations not only benchmark against

established regulatory standards but also help in training our model to emulate nuanced human

expert decision-making in real-world conditions. Figure 3.1 provides an example of an expert test

setup, and Figure 3.2 reiterates the crucial technique for accurate smoke opacity measurement at

the emission point, reinforcing the necessity of precise measurement locations to avoid common

observational errors.

3.4 Hardware Configuration

Data capture was conducted using six GoPro Hero Black cameras in two distinct arrangements

to comprehensively document the smoke plume dynamics from multiple perspectives. Initially,

the cameras were positioned equidistantly around the smoke source to capture six divergent view-

points. This arrangement was later modified, grouping the cameras into pairs to form a triangular

configuration around the emission point. This setup was particularly aimed at supporting stereo-

vision applications and enhancing the generation of 3D smoke dispersion models. Figure 3.4

illustrates these configurations, showcasing the systematic approach to data acquisition. Synchro-

nization and control of the six GoPros were achieved through a GoPro iPhone app, which also

facilitated video tagging for efficient data management.
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Figure 3.4: Data collection setups: Left - Primary configuration with six GoPros positioned in a circle
for capturing smoke from multiple angles and backdrops, enhancing dataset diversity. Right - Setup for
3D smoke modeling using paired cameras and a stereo-vision system for accurate spatial localization and
detailed 3D rendering

3.5 Stereo-Vision Board

Utilizing the camera setups described in Chapter 3.4, I initially recorded a stereo-vision board

at the start of each day’s data collection, immediately after setting up the cameras. In computer

vision, a stereo-vision board is crucial for calibrating stereo camera systems. It enables the cam-

eras—typically positioned opposite each other—to accurately determine the depth and distance of

objects based on the known dimensions of the board’s squares. With known locations of both the

smokestack, and adjacent cameras, I can utilize techniques such as NERF, to 3D model the smoke.

Figure 3.4 illustrates the method used to record the stereo-vision board.

Figure 3.5: Stereo-Vision Board Setup: On the left, the primary configuration with the cameras spaced
apart, the stereo board centrally positioned between them near the smoke stack. On the right, the cameras
are grouped together, positioning the stereo-vision board directly in front of them. This arrangement was
primarily used for 3D modeling.
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3.6 Data Processing

During each testing day, we conducted multiple ’runs.’ A ’run’ involves a certified expert

measuring the opacity of smoke emitted from a small test smoke stack at 25 distinct moments.

At each of the 25 points, the instructor would signal a fixed opacity level by announcing ’mark,’

prompting the operators to note their opacity predictions. Simultaneously, this verbal cue triggered

the addition of a metadata tag to the recordings on all six cameras, enabling precise later annotation

of the videos with ground truth opacity values. To facilitate dataset usability, I segmented these

marked instances into separate video clips, each comprising 40 frames at 24 FPS, and annotated

them with ground truth opacity values, rounded to the nearest 5% increment.

3.7 Dataset Analysis

3.7.1 Dataset Statistics

The dataset consists of 13,839 labeled clips, with an approximately equal distribution between

instances of white and black smoke. For experiments, I separated the dataset into a 80-15-5 split,

for training, validation, and testing respectively. Chapter 3.6c illustrates examples of both black

and white smoke across a spectrum of opacities ranging from 10% to 100%. For the purpose of

opacity prediction analysis, I divided the dataset into five sub-sets: two corresponding to individ-

ual days of testing in Wyoming, and three for each day at the METEC facility, to account for the

considerable variability in weather conditions experienced on different days. As depicted in Chap-

ter 3.1, this segmentation approach utilizes the consistent, sunny, and cloudless weather conditions

at Wyoming as a foundational baseline for testing. Conversely, the unique weather scenarios en-

countered on each day at METEC serve to rigorously test the model’s accuracy in varying and

sub-optimal environmental conditions.

Furthermore, the presence of human experts for re-certification during the Wyoming runs con-

tributed to a more normalized distribution of opacity values. Conversely, for METEC, we aimed

for a right-tailed distribution, as depicted in Chapter 3.6a, to test model performance in accu-

rately predicting lower opacity values—a range particularly relevant for environmental permit and
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(a) The range of opacity values collected over the five-
day study. As smoke opacity is often more difficult
for humans to predict at the lower end of the scale, the
dataset is right-tailed, primarily focusing on the range of
opacities between 5-50.

(b) A sample distribution of weather conditions in the
dataset, showcasing clear, cloudy, and overcast days.
These images represent part of the diverse environmental
settings captured in the dataset.
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(c) Images showcasing smoke opacity at every 10% increment (excluding 0%), from 10% to 100% opacity. These
illustrate the diversity within the dataset, including both black and white smoke.

Figure 3.6: Comprehensive Analysis of Dataset Characteristics: This figure presents an in-depth look at the
dataset’s composition, including the distribution of video clips, the variety of weather conditions encoun-
tered, and examples of smoke opacity.

licensing compliance, and one that typically poses greater difficulty for human observers to accu-

rately characterize. This approach not only aligns with regulatory interests but also sets a stringent

benchmark for model precision in conditions that closely mimic real-world observation challenges.
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3.7.2 Interesting Cases

Figure 3.6b visualizes some of the conditions present in the dataset. Weather conditions such as

snow, rain, and cloud coverage pose challenges, but also offer an opportunity for enhancing model

robustness. Each smoke event was recorded by six different cameras, resulting in unique lighting

and background scenarios for every smoke release. In Wyoming, certified experts provided opacity

readings as part of their re-certification process in accordance with US EPA Method 9, which serves

as a valuable baseline for model evaluation and offers potential directions for future work.

3.8 Synthetic Data

3.8.1 Game and Physics Engines

To complement our real-world dataset, we investigated various methods of synthetic data gen-

eration. Ultimately, we selected Unreal Engine 5 for its comprehensive game simulation capa-

bilities, and NVIDIA Omniverse for advanced physics modeling. These engines offer extensive

control over variables critical to model training, such as time of day and wind conditions, thereby

enhancing the robustness of our models. We discuss the integration and specific uses of these

engines in generating synthetic datasets in more detail in [46].

3.8.2 Unreal Engine 5

Unreal Engine 5 emerges as a promising tool in synthetic data generation, offering an acces-

sible platform that is both easy to learn and use. Its abundant availability of free or affordable

assets enables rapid scene creation, allowing researchers to swiftly commence data generation.

Furthermore, its lower computational power requirements make it an attractive option for research

institutions worldwide, making the ability to perform synthetic data generation more accessible.

However, while Unreal Engine facilitates quick setup and initial data generation, the fidelity of data

for amorphous objects like smoke may be compromised. Achieving high-quality representations

of such complex phenomena often necessitates access to advanced simulation tools specifically

designed for use within these game engines. Although this lower quality might not significantly
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impact training for general datasets, the nuanced and fine-grained details essential for accurately

detecting smoke demand a superior level of data realism. Figure 3.7 showcases the qualitative dif-

ferences with real-world and Omniverse data, illustrating the variance in backgrounds and smoke

generated using Unreal Engine. For our study, we integrated up to a total of 280 clips generated

via Unreal Engine into our training set, evenly split between 140 clips depicting smoke and 140

clips without, to evaluate the engine’s efficacy in supporting smoke detection research.

3.8.3 NVIDIA Omniverse

To achieve more realistic smoke simulations, we opted for NVIDIA Omniverse, a physics

simulator known for its high-fidelity outputs. While Omniverse offers unparalleled detail and re-

alism, it introduces specific challenges, including a limited selection of publicly available assets

and the need for substantial computational resources. Our experience revealed that running the

engine optimally requires at least a 2080 GPU, yet we encountered notable performance issues

on a single 3090 GPU. Performance markedly improved when we enabled multi-GPU mode (two

3090’s), leading to more efficient data generation. The quality of smoke simulations generated by

Omniverse was notably higher to that produced by Unreal Engine. Smoke visualizations in Om-

niverse were almost indistinguishable from real-world smoke to the human eye, in stark contrast

to the more artificial appearance of smoke from Unreal Engine. This visual distinction raised an

intriguing question for our research: How significant is the impact of such high-quality synthetic

data on model performance? Given our focus on smoke detection, and opacity predictions, it was

essential to explore whether the enhanced realism of Omniverse-generated smoke would translate

into measurable improvements in model accuracy. Preliminary findings suggest that while the vi-

sual quality difference is apparent to the human eye, the incremental benefit for model training,

especially in distinguishing smoke from no-smoke scenarios, might be nuanced.
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Figure 3.7: Comparison of image quality across simulated and real-world Data: This figure illustrates a
side-by-side quality comparison of images from Unreal Engine, NVIDIA Omniverse, and real-world envi-
ronments, with and without the presence of smoke. These comparisons highlight the simulated data’s ability
to mimic real-world conditions and demonstrates the effects of environmental elements like smoke on image
quality.
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Chapter 4

Methods

Smoke features are challenging to extract since smoke has unstructured shapes and unpre-

dictable multidirectional movements [47]. To resolve these challenges, we proposed to employ a

black box method to predict accurate opacity (Chapter 4.1). In this chapter, I discuss the OMEGA

architecture, my SmokeMamba architecture, Selected Input Data (SID), and the loss function.

Figure 4.1: Overall architecture of OMEGA. It takes a small number of frames from a video input. The
selected frames are fed into Video Encoder that is built with Residual 3D blocks to extract smoke features.
In the end, it estimates the opacity class of smoke by MLP.

4.1 OMEGA

In this work, we introduce Opacity Measurement Engine with Graded Accuracy (OMEGA), a

novel framework designed to accurately extract and analyze sequential smoke data features from

video input. At the heart of OMEGA is a CNN-based Video Encoder, specifically engineered to

address the unique challenges of smoke detection in dynamic environments. Unlike traditional

approaches, our Video Encoder leverages custom-designed Residual 3D Blocks [48], which are
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pivotal for their efficiency and efficacy in capturing temporal smoke patterns without succumbing

to overfitting.

To optimize our model for both accuracy and computational efficiency, we introduce a light-

weight variant of the Residual 3D Block. To prevent losing temporal information, the kernel and

stride sizes are reduced to smaller dimensions. This design choice not only significantly reduces

the model’s parameter count but also enhances inference speed, making OMEGA well-suited for

real-time applications. Furthermore, by selectively processing only four frames from each 40-

frame video segment, we maintain high detection performance while minimizing computational

load. This selective frame processing is facilitated by our innovative filtering approach, where the

video input I ∈ R
40×3×224×224 is effectively condensed into Î ∈ R

4×3×224×224, ensuring that the

Video Encoder focuses on the most informative segments of the input data.

The features extracted by the Video Encoder are subsequently transformed into opacity pre-

dictions O ∈ R
21 through a Multi-Layer Perceptron (MLP). This step not only underscores the

precision of our feature extraction process but also demonstrates the effectiveness of our approach

in generating reliable smoke opacity measurements from video data.

4.1.1 Selected Input Data (SID)

We assumed that using all frames of input frames is inefficient and increases the difficulty of

extracting smoke features. Since smoke movement is slow and doesn’t have dramatic changes

between the next frames, we selected frames by two variables, Nf and Nt. The Nf refers a

number of frames for our method and Nt is a number of skipped frames between the next frames

(Chapter 4.2). Figure N shows the significant changes in smoke when Nt is four instead of one. We

had experiments to figure out the best Nf and Nt (Chapter 5.3). Since our approach to preserving

temporal information within a small number of frames, we proposed to take smaller kernel and

stride sizes to ensure that crucial temporal details are retained within the number of frames. This

technique enables the extraction of spatial features while managing temporal features within the

MLP layers.
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Figure 4.2: Effect of Frame Interval (Nf ) on Smoke Detection. This comparison utilizes selected frames
(1st, 11th, 21st, 31st) from 40-frame sequences with Nf = 10. The ’Difference A’ and ’Difference B’
images, derived from normalizing absolute frame differences, illustrate that increasing Nf reveals more
pronounced smoke changes, highlighting the critical role of frame selection in capturing smoke dynamics.

4.1.2 Loss Function

Given the imbalanced nature of our dataset, as illustrated in Chapter 3.6a, we proposed to

employ a novel focal loss to concentrate target opacity classes [49]. For multiple classes, we

applied constant values for α and γ, 0.6 and 2.5 respectively (Chapter 4.1) instead of weighted

α and γ values for each class [50–53]. This decision to exceed the conventional parameters of

α = 0.5 and γ = 2.0 was driven by the aim to more aggressively penalize class misclassifications,

thereby mitigating the effects of dataset imbalance. The focal loss function we employ is defined

as follows:

Lfocal =
1

N

N
∑

i=1

(

−α · Pi · (1− P̂i)
γ · log(P̂i)

)

, (4.1)

where i is i-th batch, P are the ground truth logits, and P̂ are the model predicted logits.
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4.1.3 Training Details

OMEGA was trained on our dataset for 194 epochs with a batch size of 16, using an initial

learning rate of 1e−4. The learning rate was halved at the 20th, 40th, 80th, and 120th epochs. Opti-

mization was performed using AdamW [54], and the SiLU activation function [55] was employed

in constructing the Video Encoder and MLP components. Prior to training, the Video Encoder

underwent Kaiming initialization [56], setting a robust foundation for model learning.

4.2 SmokeMamba

MAMBA architectures [57], characterized by their Selective State Mechanisms (SSM), have

recently gained prominence in the field of machine learning. These architectures offer tailored

processing of temporal data, making them highly suited for dynamic applications. SmokeMamba

represents a novel application of this technology, specifically designed to handle the complex de-

mands of smoke detection in video data. The system begins with a sophisticated video encoder that

extracts critical features from raw footage, which are crucial for identifying and analyzing smoke

patterns over time.

The core of SmokeMamba is its custom MAMBA block, which utilizes the linear complexity

of SSMs to efficiently process the extracted features. This block is specifically tuned to enhance

and capitalize on temporal dynamics, thereby ensuring that subsequent analysis is both accurate

and relevant to the temporal context of the video.

Following the MAMBA block, a Long Short Term Memory (LSTM) layer takes over. The

choice of LSTM is strategic, leveraging its ability to remember significant details over extended

time frames, which is essential for tracking smoke development and movement. This layer’s final

output is an opacity prediction, which quantifies the presence and density of smoke in each frame,

offering valuable insights for environmental monitoring and public safety.

SmokeMamba utilizes the same input present in 4.1.1, loss function 4.1.2, and initial training

parameters of OMEGA 4.1.3.
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Figure 4.3: Overall architecture of SmokeMamba. Taking in a small number of frames from video data, it
employs a video encoder utilizing both Residual3D blocks, and Fourier3D blocks, before being passed into
a custom MAMBA block, which feeds into an LSTM which outputs an opacity prediction.
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Chapter 5

Experiments

Our experiments employ a precise classification schema that categorizes ground truth opacity

readings into 21 distinct classes. Specifically, a reading of 0 is assigned to class 0, while the

remaining readings are segmented into 20 classes via the mapping function:

class =
score

α
+ 1, (5.1)

where ’score’ denotes the actual opacity label and α, chosen as 5, defines the classification gran-

ularity. This parameterization not only yields 21 classes but also offers flexibility to refine the

schema for precise opacity value predictions in future work.

5.1 Metrics

To evaluate our baseline models, we focus on accuracy (top 1, top 3, and top 5), as well as

the number of parameters, and the number of videos per second the model can process (VPS).

Top 1 accuracy is when we take only the top prediction from the model, and compare it against the

ground truth, while top 3 and top 5, see if the correct label is in either the highest 3 or 5 predictions.

We choose to utilize this, because when humans make predictions themselves, they are allowed a

± 15% range on eitherside of the true opacity, which correlates to a top 5 accuracy. Additionally, a

low number of parameters and a high amount of VPS is ideal, due to the nature of the task. When

implemented in a real-world setting performing live predictions, a machine learning model will

need to make predictions not only accurately, but efficiently.

5.2 Baseline Models

To establish a comprehensive baseline for evaluating OMEGA and SmokeMamba, we selected

a diverse array of video-based models, including 3D ResNet 18 (R3D18) [48, 58, 59], and Video
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Table 5.1: Comparative performance of the SmokeMamba, OMEGA, and baseline models across the full
dataset, highlighting Top 1, Top 3, and Top 5 accuracies within a 15% tolerance window for human opacity
measurements. The table also compares inference speeds, measured in videos per second (VPS), between 3D
models (VST, R3D18, SmokeMamba, OMEGA) that process temporal features and 2D models (ResNet18,
sm-ViT) that handle single-frame inputs.

Model Top 1 ↑ Top 3 ↑ Top 5 ↑ 3D Parameters VPS

ResNet18 12.70% 34.08% 49.91% ✗ 11.2M –
Sm-ViT 24.20% 54.36% 68.21% ✗ 21.7M –
VST 30.64% 66.47% 82.36% ✓ 49.5M 57.6
R3D18 33.17% 69.18% 83.44% ✓ 33.2M 104.4
SmokeMamba 30.64% 66.77% 82.72% ✓ 55.6M 133.14

OMEGA 35.28% 69.60% 83.62% ✓ 4.6M 170.6

Table 5.2: Performance evaluation of the custom model over individual days, with a focus on Top-1 accuracy
among 21 classes. Performance peaks were observed at Wyoming, whereas METEC posed significant
challenges, particularly on days 2 and 3, due to adverse conditions such as occlusion from snow, high cloud
coverage, and complete overcast skies. These conditions notably impacted the model’s performance, with
OMEGA experiencing a discernible decrease in accuracy on these days.

Model Test Set Top 1 Top 3 Top 5

OMEGA

METEC Day 1 50.7% 86.3% 96.3%

METEC Day 2 22.9% 59.1% 75.6%
METEC Day 3 20.2% 48.3% 71.5%
Wyoming Day 1 47.3% 85.0% 91.8%
Wyoming Day 2 52.3% 88.3% 95.1%

Swin Transformer (VST) [60], as well as image-based models like ResNet18 [61] and a small

version of the Vision Transformer (SmViT) [62–64], for application to our dataset.

5.2.1 Data Split

For effective model evaluation, we structured our dataset into training, testing, and validation

splits following an 80-15-5 percentage distribution. Specifically, the testing set comprised three

randomly selected runs from each day, while the validation set included one randomly selected run

from each day. The remaining runs formed the training set. This resulted in a division where the

training set contained 11,304 clips, the testing set 1,667 clips, and the validation set 571 clips.
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5.2.2 Data Augmentation and Training

To prepare the data for training, we applied several augmentation techniques to enhance model

robustness and prevent overfitting. These included: random resized crop, random horizontal flip,

and random augment for comprehensive and varied transformations.

For image-based models like ResNet 18 and Vision Transformers (ViTs), we utilized additional

mixup augmentation, which was not applied to video-based models. All inputs were standardized

by normalizing the RGB channels using the ImageNet means (0.485, 0.456, 0.406) and standard

deviations (0.229, 0.224, 0.225) for the red, green, and blue channels respectively.

In terms of processing, the 2D models (e.g., ResNet18 and SmViT) processed individual frames

from each clip, labeling them with the ground truth opacity values of their corresponding clips.

Frames were resized to 224 x 224 pixels from the original high resolution of 1920 x 1080.

The training duration was set to 150 epochs for baseline models, while the custom OMEGA

model underwent an extended training period of 300 epochs to fully leverage its complex architec-

ture.

5.3 Model Results

Table 5.1 compares the performance of baseline models to OMEGA, highlighting the R3D18

model as the most effective baseline with a top 1 accuracy of 33%. This underscores the importance

of temporal feature analysis in accurate smoke opacity prediction.

Further analysis, detailed in Table 5.2, assessed OMEGA’s performance across different days,

illustrating how variable conditions affect accuracy. OMEGA outperformed the R3D18 baseline

by approximately 2%, achieving a top 1 accuracy of 35.3%. All models performed the best during

the initial days at Wyoming but faced challenges on the second and third days at METEC, primarily

due to adverse weather conditions. Notably, OMEGA’s efficiency is highlighted by its parameter

count of only 4.6 million, in contrast to the best baseline, R3D18’s 33.2 million, underscoring the

model’s suitability for real-time opacity prediction tasks.
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5.4 Ablation Study

5.4.1 OMEGA

An ablation study was conducted to ascertain the effectiveness of our proposed architecture,

exploring the impact of different temporal data configurations on model performance. This inves-

tigation encompassed a series of experiments with varied combinations of Nf (number of frames)

and Nt (interval between frames). The results revealed that configurations with a broader time gap

between four frames achieved the highest accuracy, highlighting the critical role of temporal in-

formation in enabling the model to detect subtle changes in smoke dynamics across frames. These

findings, detailed in Table 5.3, underscore the balance between temporal resolution and model ef-

ficiency. Furthermore, our study demonstrates that reducing the frame sample to approximately

10% of the video significantly accelerates inference times (170.6 videos per second (Table 5.1)),

a crucial factor for real-time applications. This suggests that effective opacity predictions can be

achieved with a more compact model, optimizing both performance and computational efficiency.

Table 5.3: Results of the ablation study on temporal data configurations. This table presents the compara-
tive analysis of model performance across varying combinations of Nf (number of frames) and Nt (frame
intervals). Highlighting the optimal configuration of a wider temporal gap between four selected frames, the
table illustrates the significant role of temporal information in enhancing opacity prediction accuracy.

Nf Nt Top 1 Top 3 Top 5

2 5 29.8% 65.4% 81.1%
2 10 34.0% 70.3% 85.2%
2 15 31.8% 70.5% 86.2%
4 5 31.7% 66.7% 82.8%
4 10 35.3% 69.6% 83.6%
8 5 34.3% 68.8% 83.9%
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Figure 5.1: Visualization of the OMEGA model’s performance, showcasing correct classifications of black
and white smoke across a range of opacities from 10% to 90%, and instances of missed predictions. The
bottom row presents mispredictions and highlights the challenges posed by adverse weather conditions. In
85% of cases (see Table 5.1), the model’s predictions were within an acceptable range of ±10% of the ground
truth.

5.4.2 SmokeMamba

To validate the effectiveness of each component in the SmokeMamba architecture, I con-

ducted an ablation study. This study involved systematically removing key components—one at a

time—and observing the impact on the model’s performance. The focus was on three critical el-

ements: the Fourier3D blocks, the MAMBA block, and the LSTM layer. The results demonstrate

that each component contributes significantly to the architecture’s ability to detect and analyze

smoke in video data. I chose to evaluate the model primarily on Top 1 accuracy, but also include

Top 3 and Top 5 accuracy’s in the ablation study. These metrics are visualized in Table 5.4, which

presents a detailed comparison of the architecture’s performance with and without each compo-

nent.
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Table 5.4: An ablation study exploring the capabilities of individual components of SmokeMamba. These
experiments are some of the first of their kind, and I found the MAMBA block highly successful in increas-
ing a models accuracy.

Component Top 1 Top 3 Top 5

No-Fourier/LSTM 25.8% 61.4% 79.4%
No-Fourier/MAMBA 27.3% 64.6% 81.1%
No-MAMBA 28.4% 63.1% 78.6%
SmokeMamba 30.6% 66.7% 82.7%
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Chapter 6

Synthetic Data Experiments

In this chapter, we explore the balance and quantity needed when incorporating synthetic data

into a real-world smoke dataset. These experiments incorporate the Unreal Engine generated data

and the NVIDIA Omniverse data into Smoke+, for the task of smoke detection.

6.1 Data Splits

We utilize a small portion of SMOKE+, comprising of 1,774 video clips, with 1,554 featuring

smoke and 220 without. It is divided into training, validation, and testing sets to facilitate a thor-

ough evaluation: 370 smoke and 190 non-smoke clips for training, 319 smoke and 6 non-smoke

clips for validation, and 865 smoke and 24 non-smoke clips for testing. The lack of data size and

distribution is already focused on in other studies [65–68], but we propose to address this problem

by incorporating synthetic data into the training set in our study. In addition, our dataset distri-

bution, particularly the expansive unseen testing set, is proposed for enhanced generalization on

evaluation, despite the constraints on the size of training set, which may help in future works, such

as opacity predictions.

To address the complexity of smoke detection, we focus on the opacity of smoke, quantified by

the equation:

Opacity =

(

1−
I

L

)

× 100, (6.1)

where I/L represents the transmittance of light through the smoke plume, which after being sub-

tracted from one may be converted into a percentage [69]. Given that detecting smoke can be

straightforward, our study only includes clips with opacity values between 5-30%, thus elevating

the detection challenge by focusing on subtler smoke patterns.
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6.2 Experiments

In our experiments, we address the challenge of limited real-world data availability by starting

with a modest set of 560 real-world samples. To explore the effectiveness of synthetic data in

enhancing model performance, we incrementally introduced additional synthetic samples, each

increment amounting to 5% of the original real-world dataset size, aiming to identify the optimal

synthetic-to-real data ratio for improved model accuracy.

Moreover, to intensify the challenge and more closely mimic real-world complexities, the

smoke featured in the real-world data was deliberately chosen to have an opacity of 30% or less.

This choice was made to simulate the difficulty models face in detecting low-opacity smoke, which

is often more subtle and harder to distinguish. Conversely, the synthetic data was generated with

higher opacity levels, with the intention of facilitating the model’s learning process by providing

clearer examples of smoke features. This experimental setup was designed not only to test the

model’s ability to learn from limited data but also to evaluate the impact of synthetic data quality,

in terms of opacity, on the learning outcomes.

Table 6.1 presents a comparison between the SemiS model and established baseline models,

specifically a 3D ResNet model (R3D) [48] and a tiny Video Swin Transformer (VST) [70], with

training conducted solely on real-world data. R3D extends the traditional 2D ResNet framework

into three dimensions, adapting it for action recognition tasks in video sequences. Similarly, VST

adapts the Swin Transformer [71] architecture for video analysis, leveraging its strengths in cap-

turing complex spatial-temporal relationships. The SemiS model outperformed these baselines,

achieving the highest accuracy of 89.99%, demonstrating its capability in accurately detecting

smoke features and indicating its potential for advancing computer vision tasks involving amor-

phous objects.

To investigate the impact of synthetic data on model performance, we augmented the initial

set of 560 real-world training samples with synthetic data generated from both Unreal Engine and

Omniverse. As depicted in Figure 6.1, the classification accuracy of SemiS consistently showed

higher results with the Omniverse-generated synthetic data, indicating its superior alignment with
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Method Parameters Accuracy (↓) VPS (↑)

R3D 33.4 M 72.55 % % 37.1
VST (t) 28.2 M 84.70 % % 35.5
SemiS 9.2 M 89.99 % 41.5

Table 6.1: Results for the baseline tests for smoke detection over the real world dataset only. Two baseline
models, one CNN (R3D) and one video transformer (VST Tiny), were compared to an efficient (9.2M
parameters) model, named SemiS. SemiS achieved the highest accuracy by 8.5% over the best baseline
VST.

the nuances of real-world smoke detection. The optimal integration of synthetic data, enhanc-

ing accuracy maximally, was found to be an additional 30% of the original dataset size for both

sources.
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Figure 6.1: Graph of synthetic data integration vs. model accuracy: This graph plots the model’s accuracy
as a function of the synthetic data proportion added to the training set, where 50 indicates that 50% of the
initial real-world data size was incorporated as synthetic data. The red line highlights the baseline accuracy
achieved with no synthetic data. The trend illustrates how incorporating synthetic data impacts the model’s
performance, providing a visual comparison to the baseline scenario.

32



Chapter 7

Discussions

7.1 Overview on the Importance of Smoke Monitoring

Smoke, whether from industrial emissions or wildfires, presents significant challenges for en-

vironmental and public safety. Effective monitoring and regulation of smoke are crucial for mit-

igating its impact on health and safety. This thesis explores the application of computer vision

techniques in industrial settings to enhance smoke detection and monitoring, building on my pre-

vious contributions to the field.

In the study [72], we focused on predicting the spread of wildfires using a top-down view of

a 1km by 1km region previously affected by forest fires. This work demonstrated the potential of

computer vision to provide valuable insights into smoke behavior and spread in natural environ-

ments.

Similarly, the SMOKE+ dataset, utilized in this thesis, comprises multiple views of a single

smoke release in an industrial context. The methods developed here are broadly applicable, under-

scoring the versatility of computer vision. These tools are not only vital for researchers but also

for on-the-ground experts like firefighters and opacity inspectors who rely on accurate, real-time

data to make critical decisions.

The development and refinement of datasets such as SMOKE+ are pivotal for training accurate

machine learning models. These models can significantly enhance the capabilities of computer

vision systems, making them indispensable in both emergency response scenarios and routine

environmental monitoring. The continued evolution of such technologies promises greater efficacy

in our ongoing efforts to manage and mitigate the effects of smoke across diverse settings.
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7.2 SMOKE+ Discussions

7.2.1 Smoke Colors

Our analysis, highlighted in Chapter 5.1, shows the model’s precision in predicting smoke

opacity, particularly under clear conditions. Performance drops in adverse weather or obscured

views, conditions which are similarly challenging for human evaluators. A significant discrepancy

was observed in accuracy for black versus white smoke: OMEGA recorded top 1, top 3, and top

5 accuracies of 50.8%, 88.1%, and 96.2% for black smoke, against 29.3%, 63.2%, and 79.5% for

white smoke. This indicates that while our model adeptly identifies smoke patterns, the contrast

between smoke types, especially in challenging conditions, requires further refinement."

7.2.2 Weather Conditions Across Days

During the initial two days of data collection in Wyoming, we were fortunate to experience

nearly perfect weather conditions, characterized by bright skies and minimal cloud cover. These

conditions are ideal for computer vision tasks, as they ensure consistent lighting and visibility,

making these segments of the dataset particularly suitable for efficient model training.

At the METEC facility, the weather presented more of a challenge. The first day there was

marked by heavy cloudiness, posing difficulties as the smoke from tests could easily blend into

the gray backdrop, complicating the task of smoke detection and tracking. The following day

continued with overcast conditions, though without precipitation, which, while slightly better than

the first, still posed issues with lower light levels and reduced contrast in the visual data.

The third day at METEC was the most challenging in terms of weather conditions. Data record-

ing commenced early in the morning amidst a light snowfall, introducing additional visual noise

and obstruction as snowflakes accumulated on the camera lenses. Though the snow ceased later,

the persistent overcast skies and residual droplets on the camera lenses continued to significantly

impact the visual quality of the recordings. This day’s data, therefore, provides a crucial test case

for assessing and improving the robustness of our vision algorithms under adverse weather condi-

tions.
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7.3 Future Works

Future efforts will aim to utilize stereo-vision data for 3D smoke modeling, leveraging NERF

techniques [73,74], despite potential challenges posed by diverse weather conditions and the range

of smoke opacities. Additionally, we intend to develop a Bayesian framework for opacity predic-

tion, inspired by existing frameworks [75], and to employ supervised contrastive learning [76, 77]

for model refinement. This approach will focus on enhancing model sensitivity to subtle class dis-

tinctions, such as differentiating between closely ranged opacity levels. Finally, adding in heatmaps

or EgoPose labels such as seen in [78], could be interesting.

7.3.1 Future Bayesian Network

Utilizing the human score sheets, we intend to train a Bayesian Neural Network (BNN), where

we will utilize OMEGA as a black box component that provides input into our BNN, which has

been trained on the human labels. the goal of this is to introduce a new model, that is capable of

predicting exactly as a human expert does. With this in mind, we will enforce the strict rules on

our model, where any miss on a prediction by 15% or more is an automatic failure, and train it to

comply with EPA regulations.

7.3.2 Synthetic Data Expansion

One limitation with our synthetic data is the omission of opacity labels. In game engines, it’s

possible to emit a light source, and a light reader on the other side of an object such as smoke,

and get accurate light measurements, similar to how our real dataset was constructed. utilizing this

technique, we can record an infinite amount of data, specifically for higher end opacities, where

real-world implications of smoke releases make it difficult to obtain. Additionally, as we found

weather to be a large factor in poor model performance on parts of the dataset, training a model

with synthetic opacity labels in poor conditions, will help with more fine grained estimations.
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7.3.3 Virtual Reality Adaptation

As virtual reality (VR) becomes more and more common, fields such as education will begin

adopting it on a rapid basis. Similarly to what I presented in [79], I can make an educational VR

environment, utilizing 3D smoke for opacity reading training. Using VR for a system such as this

could eliminate the need not only for experts to travel and take time off work for re-certification, but

also reduce the amount of emissions caused by re-certification every year. A fully VR environment

allows for experts to be trained in any weather condition, and lighting scenario, providing a far

more robust certification event, than what is currently provided.

7.4 Limitations

7.4.1 3D Modeling

The current approach to 3D modeling of smoke utilizing NeRF (Neural Radiance Fields) mod-

els, which are commonly used for 3D scene reconstruction, typically require imagery from a single

camera that has recorded the entire scene. This dataset, however, consists of footage captured from

six static cameras, each providing a different viewpoint. This setup has made it difficult to suc-

cessfully apply NeRF techniques, as they have mostly produced extremely blurry scenes when

attempting to render from these multiple, disjointed perspectives.

7.4.2 Model Deployments

Furthermore, the dataset was collected during a private event and does not include footage

of real-world industrial-scale smoke stacks. This specificity limits the dataset’s applicability and

realism for broader smoke analysis applications. While this dataset is suitable for extracting basic

smoke features and for pre-training the model, additional, more varied data will likely be necessary

to fine-tune and effectively deploy the model in real-world environments where conditions and

smoke behaviors can be vastly different.
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7.5 Dataset Interest

In the course of this research, the methodologies and techniques developed from the SMOKE+

were not only validated but also refined for enhanced application. These refined techniques played

a crucial role in the subsequent curation of another dataset, titled CSU101. Specifically designed

for educational purposes within the field of computer vision, the CSU101 dataset incorporates

lessons learned from SMOKE+ to ensure more robust and applicable data collection and labeling

processes. Chapter 8 provides a detailed account of the CSU101 dataset, discussing its design

rationale, the enhanced data collection methodologies employed, and the specific improvements

made over previous techniques.
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Chapter 8

CSU101 Introduction

8.1 Segway From SMOKE+

Building on the refined techniques for data collection developed during the SMOKE+ project,

I embarked on creating a new dataset focused on educational applications in computer vision.

This dataset, titled CSU101, adopts the same successful methodologies used during the SMOKE+

data collection phase, including specific equipment choices (such as the GoPro Hero Black 10), a

streamlined labeling process, and rigorous label verifications. This chapter introduces the CSU101

dataset and delves into its statistics and curation process.

8.2 CSU101 Overview

In this work, I introduce CSU101, the first dataset, to my knowledge, that is specifically tai-

lored for educational use in computer vision and designed to engage university students globally.

This building-centric dataset features images extracted from video footage of university buildings,

annotated with object detection labels for objects commonly found on campuses. CSU101 fa-

cilitates learning both image classification and object detection, enabling students to master core

computer vision techniques through a unified dataset. Initially presented as processed images, the

dataset supports a structured learning progression from simple image-based tasks to more complex

video data processing. To aid in educational delivery, I have included starter Jupyter Notebooks

structured as lesson plans, which have proven beneficial in classroom environments [80].

8.3 Contributions

In summary, CSU101 provides four main contributions. First, CSU101 to the best of my

knowledge, is the first ever Computer Vision dataset specifically tailored to university students

for educational purposes. Second, CSU101 provides comprehensive labels for both image clas-
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sification and object detection, allowing learners to utilize a single dataset for mastering multiple

core Computer Vision tasks. Third, CSU101 includes pre-processed images from video footage,

enabling beginners to focus initially on simpler image-based tasks before advancing to video data

processing, thus offering a graduated learning experience. Fourth, CSU101 is supplemented with

documented Jupyter Notebooks that serve as structured lesson plans, facilitating immediate, prac-

tical engagement and reinforcing theoretical concepts within an educational framework. Table 8.1

provides an in depth comparison of CSU101 and other building datasets.

Table 8.1: Comparison of CSU101 with other Building Datasets. This table highlights differences in the
number of labeled frames, unique buildings, and objects, and indicates the presence of bounding box labels
for object detection. Notably, CSU101 ranks second highest in the number of labeled frames and leads in
the number of unique labeled objects.

Dataset Video Data Frames Buildings Objects Bounding Boxes

Obeso et al. [81] ✗ 284 – – ✗

Shalunts et al. [82] ✗ 400 – – ✗

Shao et al. [83] ✗ 1,005 201 – ✗

Taoufiq et al. [84] ✗ 1,033 – – ✗

Xu et al. [85] ✗ ∼ 5,000 – – ✗

Taoufiq et al. [84] ✗ 6,297 – – ✗

Cordts et al. [86] ✓ 25,000 – – ✗

Zheng et al. [87] ✗ ∼ 21.4 million 5,312 – ✗

Philben et al. [88] ✗ 5,062 11 11 ✓

Philben et al. [89] ✗ 6,300 11 11 ✓

Barz and Denzler [90] ✗ 9,485 9,346 566 ✓

CSU101(Ours) ✓ 277,056 48 750 ✓
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Chapter 9

CSU101 Dataset

(a) Unique objects across the dataset. (b) The top and bottom 5 building object counts.

Figure 9.1: Statistics of the CSU101 dataset. Figure (a) showcases the number of unique objects present
in the dataset, highlighting a common campus trend: a high frequency of bike racks and a relatively low
occurrence of electrical boxes. Figure (b) details the top and bottom five counts of total objects per building.
For instance, The Stadium, a larger area, contains 100 unique objects, while Danforth, a smaller building,
includes only 6 unique objects.

9.1 CSU101 Construction

9.1.1 Dataset Collection

Similarly to SMOKE+, data was collected using a GoPro Hero 10 camera, set to record at 24

FPS with a resolution of 1080p. The data collection procedure involved systematically walking

around each building’s perimeter and capturing all of its faces using the GoPro cameras. In total,

48 university buildings were recorded, with researchers fully encircling each building when pos-

sible, resulting in a total of 252,837 labeled frames. During these recordings, care was taken to

ensure that the entire building was within the frame, along with surrounding elements such as the

ground, to facilitate the labeling of objects like bike racks and trashcans in addition to the build-

ings themselves. This comprehensive approach to filming was designed to capture a wide array
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of angles and perspectives, enhancing the dataset’s utility for both object detection and building

classification tasks.

9.1.2 Labels

For building classification, we provide JSON files containing the labels along with correspond-

ing data splits. To ensure robust model training and evaluation, each building video was labeled at

every 20th frame, with some final frames intentionally excluded to avoid overlap between training

and testing datasets, thereby preventing wraparound issues. For object detection, labels are for-

matted according to the YOLO [91] standard. This involves labeling every frame of each video in

a separate text file, where each line represents an object with five attributes: the class identifier,

the center x and center y coordinates of the bounding box, and the dimensions (height and width)

of the bounding box. This detailed labeling facilitates precise object localization and is crucial for

training effective detection models

9.1.3 Intrarater Reliability

To validate the accuracy of our object detection annotations in the CSU101 dataset, we con-

ducted an intrarater reliability assessment using the Kappa coefficient [92, 93]. The five anno-

tators who contributed to CSU101 were tasked with independently annotating the same video

(Forestry), each without specific prior instructions for this exercise. After annotation, the YOLO-

formatted labels from each annotator were collected and compared. The primary expectation was

that each annotator would identify a consistent number of objects (15 objects were present in the

video), with a focus on maintaining high accuracy in their annotations. From this comparison,

we calculated a Kappa score of .80, demonstrating the reliability and consistency of our anno-

tations across different annotators. The Kappa coefficient (κ) is calculated using the formula:

κ = (P0 − Pe) ∗ (1 − Pe)
−1, where Po is the observed agreement among raters, and Pe is the

hypothetical probability of chance agreement. This measure adjusts for the agreement that would

naturally occur by chance, providing a more accurate reflection of the annotators’ reliability.
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9.1.4 Object Classes

One common issue with many educational datasets is the overwhelming number of object

classes, which can complicate the learning process. To address this, we carefully selected only five

classes that are often present on campus: bike racks, light posts, doors, trash cans, and electrical

boxes. These classes were chosen for their familiarity to university students, ensuring that the

objects are easily identifiable and relatable. This focused approach not only simplifies the learning

experience but also makes it easier for students to understand how models function and to interpret

their outputs. By reducing complexity, we aim to simplify the principles of object detection and

enhance the practicality of experiments conducted with this dataset. The overall distribution of

unique objects (counting only each occurrence of an object once per video), can be seen as right

tailed in Figure 9.1a. As expected on a college campus, there are a large number of bike racks

present (509 in total), while electrical boxes were the least present (68 in total). Additionally, per

building, we saw averages of: (Bike racks: 9.98, Doors: 7.71, Light Posts: 6.27, Trashcans: 5.30,

Electrical Boxes: 1.42), depicted in Figure 9.1b.

9.1.5 Data Annotation

The annotation process was conducted using the Computer Vision Annotation Tool (CVAT).

Five object categories relevant to campus infrastructure were annotated: light posts, bike racks,

trash cans, electrical boxes, and doors (specifically of buildings). Annotations were performed

by annotators who manually drew bounding boxes around each instance of the target objects.

To ensure accuracy and consistency, the bounding boxes were adjusted every 20 frames. Each

bounding box is represented using two points that define a square enclosing the object of interest.

9.1.6 Dataset Split (Building Classification)

As each video contains a building that has been fully encircled, we needed to be careful about

how we chose to split the data. To minimize scene overlap at 24 FPS, we selected every 80th frame

from each video, resulting in a total of 7,440 frames. After pruning the frames, the average number
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Figure 9.2: This figure presents an up-close view of each object type included in the dataset, along with an
image featuring multiple objects. A common theme observed throughout the dataset is the grouping of bike
racks, as exemplified in image (f).

of frames per video is 155, with a minimum of 31 frames and a maximum of 395 frames per video.

From the selected frames, we distributed 60%, 20%, and 20% of the shuffled frames per video to

the training, validation, and testing sets, respectively.

9.1.7 Dataset Split (Object Detection)

Unlike image classification, not all buildings needed to be present in each split for object de-

tection. As we had 56 videos (48 buildings, some were unable to be completed in a single video

due to fencing, overlapping the same scenes, and etc.), we decided to withhold 5 videos for valida-

tion, and 5 videos for testing, while the remaining 38 videos went into the training set. To ensure

consistency and quality, we decided to choose 10 videos for validation and testing that were a size-

able amount of frames ( 4500), and contained a good distribution of objects. For example, for the

Forestry building in the testing set, it contained 4728 frames, 10 light posts, 4 doors, 2 trashcans,

4 bike racks, and 4 electrical boxes. As similarly as Section 9.1.6, we selected every 20th frame

from each video, and then assigned the pruned frames to corresponding sets by the building name.

The training, validation, and testing sets contain 7,334, 808, and 643 frames respectively.
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Figure 9.3: Three separate views illustrate the diversity of objects found in a single video, in this case,
the Computer Science Building. View 1 displays four distinct objects, View 2 features two, and View 3
highlights a grouping of multiple objects, specifically bike racks. This demonstrates the wide variety of
objects that a single building can present within the dataset.

9.1.8 CSU101 as an Educational Resource.

CSU101 is designed to be an accessible and valuable resource for introductory Machine Learn-

ing courses. The dataset’s manageable size allows for efficient training and experimentation on

standard hardware, making it ideal for educational settings. The inclusion of diverse scenes and

lighting conditions introduces students to the challenges of real-world object detection, preparing

them for more complex tasks.

To further enhance its educational value, we provide a suite of Jupyter notebooks tailored for

beginners. These notebooks offer step-by-step guidance, from dataset loading and visualization to

model training and evaluation. Extensive comments and explanations within the notebooks aim

to aid students in understanding the underlying concepts and techniques. Additionally, pre-trained

models will be made available, enabling students to explore object detection without requiring

extensive computational resources.
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Chapter 10

Conclusions

10.1 SMOKE+

In this thesis, I have introduced the SMOKE+ dataset (Systematic Measurement of Opacity for

smoKe Evaluation with Synthetic Data), which serves as a pivotal resource for real-time smoke

opacity evaluation. This dataset is distinguished by its comprehensive labeling of opacity levels

across a wide range of weather conditions, which enhances its utility for environmental monitoring.

A significant innovation in SMOKE+ is the integration of synthetic data, which addresses gaps in

real-world data and improves the robustness of machine learning models trained on this dataset.

Through rigorous experiments and baseline comparisons, it has been demonstrated that SMOKE+

can effectively support the application of machine learning techniques to assess and interpret

smoke opacity. This work not only advances the field of smoke opacity measurement but also

has practical implications for real-time environmental monitoring in both industrial and public

sectors.

Future work will focus on expanding the dataset to include more diverse environmental con-

ditions and further refining the balance of synthetic and real data to optimize model training and

performance.

10.2 CSU101

Building on the methodologies developed for SMOKE+, the CSU101 dataset has been curated

to serve as an educational tool in computer vision. This dataset comprises video footage of 48 uni-

versity buildings, segmented into 277,056 labeled images and featuring 750 unique objects across

five distinct classes. Designed specifically for introductory computer vision courses, CSU101 of-

fers a practical, hands-on learning experience through its focus on fundamental tasks such as image

classification and object detection.
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To enhance the educational value of CSU101, I have provided detailed tutorials through Jupyter

Notebooks. These include six baseline models for image classification and five for object detection,

enabling students to engage with both the theoretical aspects and practical challenges of computer

vision.

The ultimate aim of CSU101 is to empower learners globally, fostering innovations in edu-

cational methods within the field of computer vision. By making learning both accessible and

engaging, this dataset encourages students to explore advanced studies and pursue careers in this

vibrant field.

Plans for the future development of CSU101 include expanding the range of environments and

objects covered in the dataset, thus increasing its robustness and relevance to real-world applica-

tions. Such enhancements will better prepare learners to address the challenges they will encounter

in professional settings.
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