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Abstract

Road traffic congestion increases vehicular emissions and air pollution, significantly impact-
ing urban sustainability. The excessive pollution contributes to poor air quality and adverse
health effects, while the economic costs associated with congestion and accidents strain city re-
sources. In developing countries, where the vehicle-to-road infrastructure ratio is imbalanced,
these issues are further magnified. Effective management of traffic and reduction of emissions
are crucial for promoting sustainable urban development and improving the quality of life for
city dwellers. Additionally, addressing these challenges is essential for reducing the carbon
footprint of urban areas, mitigating climate change, and fostering resilient and livable cities.
Implementing innovative traffic management solutions and investing in green infrastructure

can enhance urban sustainability and create healthier, more efficient environments.

To address these challenges, advanced computational tools are being leveraged to improve road
traffic measurement and management. Cameras capture video frames, which are then processed
using state-of-the-art machine learning (ML) and deep neural network (DNN) models to ana-
lyze traffic patterns and enforce regulations. However, running these heavy computational mod-
els on the cloud is challenging due to the lack of reliable broadband connectivity in developing
countries. An alternative is to run these models on edge devices equipped with advanced GPU
platforms. This thesis explores the system software stack for edge GPU platforms, focusing
on both compile-time and runtime aspects to optimize performance and manage computational

demands effectively.

This thesis examines two types of system software essential for optimizing neural network in-
ference on Nvidia edge GPUs. The first type is compile-time system software, which processes
pre-trained ML models by applying various model compression techniques to generate efficient
engines for inferences. The second type is runtime system software, which manages resource
utilization, thermal safety, and other critical factors as the ML models perform continuous
inferences. For both compile-time and runtime software, the thesis carefully audits existing

software stacks from industry and academia, identifying their limitations. Based on this anal-
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ysis, new software solutions are designed and implemented to address these shortcomings and
enhance overall system performance. Additionally, the thesis explores various aspects of sys-
tem software for Nvidia edge GPUs, including techniques for managing application dynamism
and ambient temperature, and addresses the challenges of deploying applications from multiple

vendors.

We first investigate key software frameworks for compressing pre-trained neural networks for
edge inference, focusing on TensorRT, AutoTVM, and AutoScheduler. We develop a compre-
hensive set of metrics to compare these frameworks and design careful experiments to empiri-
cally measure those metrics. Our analysis of TensorRT showed notable performance and accu-
racy improvements but also revealed unexpected non-deterministic behaviors such as varying
outputs and increased latency on more powerful hardware. We also evaluated vendor-agnostic
frameworks AutoTVM and AutoScheduler, comparing them on performance predictability, in-
ference latency, output reproducibility, and hardware utilization. This comparison led to several
interesting observations which have important implications for urban sustainability applications
like traffic monitoring. These insights provide recommendations for selecting the most effec-
tive DNN compiler for real-time, safety-critical applications, ensuring precise and predictable

inferences.

In addition, to address the challenges of managing high throughput and ensuring system longevity
in the extreme conditions of developing regions, we developed DynCNN, a controller designed
for application dynamism and ambient temperature management. DynCNN leverages proces-
sor heterogeneity to regulate thread counts and accelerator frequencies, optimizing application
performance while adhering to strict thermal and power constraints. We evaluated DynCNN on
three commercially available embedded GPUs using a 40-day dataset from a real traffic inter-
section, demonstrating its effectiveness in enhancing system efficiency under these demanding

conditions.

Furthermore, edge devices face challenges in deploying applications from multiple vendors,
each with its own software dependencies. Using Docker containers provides isolation and man-
ages these dependencies, enhancing security and portability. However, applications running
together can affect each other’s performance and increase device temperature due to shared
resource contention. This necessitates advanced scheduling to ensure optimal performance
and thermal management. To address these issues, we propose IceEdge, an inference serving
framework for CPU-GPU based edge computing servers. IceEdge uses containers for isola-
tion and includes a deadline- and thermal-aware scheduler for ML workloads, ensuring good
GPU utilization and maintaining quality-of-service. IceEdge also incorporates a controller that

precisely manages CPU-GPU operations, avoiding reliance on OS thermal control and thus



improving efficiency and stability.

In conclusion, this thesis investigates the deployment of deep neural networks (DNNs) on
Nvidia edge GPU platforms for sustainability applications in developing countries. Our ob-
jective is to provide a comprehensive solution that enhances the longevity, performance, and
reliability of edge computing systems by addressing critical challenges such as compiler selec-
tion, thermal management, and multi-vendor application deployment. The insights and recom-
mendations from our research will aid in the creation of robust and efficient edge computing
solutions, fostering sustainable development and improving the quality of life in underdevel-

oped regions.
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