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Abstract

Resource-constrained Internet of Things (IoT) devices are increasingly expected to per-

form intelligent sensing under strict limitations in memory, computation, and energy.

For image-based applications, transmitting raw images can consume substantially more

communication energy and time than transmitting a compact latent representation. This

thesis investigates lightweight convolutional autoencoders for on-device image compres-

sion on microcontroller-class hardware.

A design space of 70 convolutional autoencoder models was evaluated on the MNIST

dataset. The models differed in encoder filter configuration, bottleneck dimension, and

compression ratio. Reconstruction quality and task utility were measured by normalized

mean squared error (NMSE) and downstream classifier accuracy. The baseline mod-

els were further optimized using post-training quantization (PTQ), quantization-aware

training (QAT), and a two-stage magnitude-based pruning method. Different optimiza-

tion orders were compared with respect to model size, reconstruction quality, classifier

accuracy, and estimated energy.

An analytical energy model was used to estimate microcontroller active energy associ-

ated with encoder computation and payload transfer under explicitly stated assumptions.

Pareto-front analysis identified non-dominated candidate models offering different trade-

offs between reconstruction quality and estimated energy. A selected INT8 encoder was

deployed on an Ambiq Apollo3 microcontroller using TensorFlow Lite for Microcontrollers

and the NeuralSPOT software stack. Hardware experiments confirmed successful encoder

inference and provided measured inference-time results.

The results show that bottleneck size and the choice of optimization method strongly

influence the trade-off between reconstruction quality, payload size, and deployment

cost. Quantization reduced numerical precision and memory footprint, while unstruc-

tured pruning introduced sparsity but did not necessarily reduce execution time on dense

microcontroller kernels. The study therefore carefully distinguishes analytical energy

estimates from measured hardware results.

This work provides a reproducible framework for comparing learned compression models

on resource-constrained embedded devices. The evaluation is limited to MNIST data,

analytical communication-energy assumptions, host-side serial data transfer, and a single

microcontroller platform. A complete autonomous energy-harvesting and wireless IoT
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implementation remains future work.

Keywords: TinyML, Energy-Aware Machine Learning, Autoencoder, Model Compres-

sion, Energy Harvesting, Pareto Optimization, IoT
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1 Introduction

1.1 Background

The Internet of Things (IoT) has enabled the large-scale deployment of connected sens-

ing devices for applications such as environmental monitoring, industrial automation,

precision agriculture, healthcare, and smart cities. Many of these devices operate under

strict constraints on energy, memory, and computational resources, particularly when

deployed in remote or difficult-to-access locations where battery replacement is costly or

impractical. Consequently, improving the energy efficiency of embedded sensing systems

has become an important research challenge for extending the operational lifetime of

resource-constrained IoT devices [7, 21].

Recent advances in Tiny Machine Learning (TinyML) have made it possible to execute

machine learning models directly on low-power microcontrollers, enabling data to be pro-

cessed locally rather than transmitted to cloud servers. Local inference reduces commu-

nication latency, lowers communication overhead, and improves data privacy. However,

microcontroller class platforms provide limited processing capability, memory capacity,

and energy resources, making the deployment of deep learning models particularly chal-

lenging [20, 2].

For image-based sensing applications, wireless communication is often a major contrib-

utor to the overall energy consumption because raw images contain a large amount of

data. Instead of transmitting complete images, learned image compression using autoen-

coders provides an attractive alternative by generating a compact latent representation

on the sensing device. The encoder performs the compression on the resource-constrained

node, while the decoder can be executed on a gateway or edge server to reconstruct the

transmitted image. This approach significantly reduces the communication payload while

preserving useful information for downstream processing [19, 1].

Several model optimization techniques, including post-training quantization (PTQ), quan-

tization aware training (QAT), and pruning, have been widely adopted to improve the

deployment efficiency of deep learning models on embedded hardware. These techniques

reduce memory requirements and computational complexity, making TinyML models

more suitable for resource-constrained devices. However, the resulting trade-offs between

reconstruction quality, model size, computational complexity, and energy consumption

depend strongly on both the network architecture and the selected optimization strategy.
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This thesis systematically investigates these trade-offs using lightweight convolutional

autoencoders for image compression on resource-constrained embedded platforms. A

design space of baseline models was evaluated, multiple optimization techniques were

compared, and selected models were assessed using an analytical energy model together

with hardware deployment on an Ambiq Apollo3 microcontroller. The experimental

evaluation presented in this thesis is limited to the implemented hardware platform and

the methodology described in Chapter 3. These challenges motivate the review of existing

research on learned image compression, TinyML deployment, and model optimization

techniques presented in the following section.

Figure 1: Overview of the proposed TinyML image compression framework. The encoder
executes on the embedded device, while the decoder reconstructs the image at the re-
ceiver.(Created by the author)

1.2 Related Work

Previous research related to this thesis can be grouped into three main areas: TinyML de-

ployment on microcontroller-class devices, learned image compression using autoencoders,

and model optimization techniques such as quantization and pruning. This section re-

views these areas and identifies the gap addressed in this thesis.

Learned image compression using convolutional autoencoders has received considerable

attention. These models learn compact latent representations that preserve the infor-

mation required for reconstruction while significantly reducing the amount of data that
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must be transmitted. Compared with traditional codecs, learned compression can adapt

its representation to the data distribution and has demonstrated competitive performance

at low bit rates [19, 1].

Although deep autoencoders provide promising compression performance, their compu-

tational and memory requirements often exceed the capabilities of resource-constrained

devices. Consequently, substantial research has focused on model optimization tech-

niques. PTQ converts trained floating-point parameters to lower numerical precision

after training, while QAT incorporates quantization effects during training. Network

pruning removes redundant parameters or filters to reduce model complexity [8, 11, 16].

Several studies have demonstrated the successful deployment of quantized neural networks

on embedded hardware using TensorFlow Lite for Microcontrollers and related TinyML

frameworks. These studies report significant reductions in memory footprint and com-

putational cost while maintaining acceptable inference performance for classification and

detection tasks. However, the effectiveness of a given optimization strategy depends

strongly on the network architecture, hardware platform, and application requirements

[4, 2].

For image-compression applications, most existing studies primarily evaluate reconstruc-

tion quality or compression ratio. Relatively few works jointly investigate reconstruction

quality, deployment efficiency, communication payload size, and energy cost on the same

resource-constrained platform. In particular, the combined effects of quantization and

pruning on convolutional autoencoders, together with both analytical energy estimation

and hardware deployment, have received limited attention.

This thesis addresses this gap by systematically evaluating a design space of lightweight

convolutional autoencoders, applying multiple optimization strategies (including different

ordering of quantization and pruning), estimating microcontroller active energy under ex-

plicit assumptions, and demonstrating deployment feasibility of a selected INT8 encoder

on an Ambiq Apollo3 microcontroller using TensorFlow Lite for Microcontrollers.

1.3 Research Gap and Motivation

Despite significant progress in TinyML, learned image compression, and model optimiza-

tion, several challenges remain for deploying deep learning models on resource-constrained

embedded platforms. Existing studies have primarily focused on improving either com-

pression performance or model efficiency independently. Comparatively fewer studies
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have jointly investigated the trade-offs between image reconstruction quality, model com-

plexity, communication payload size, and energy consumption within a unified evaluation

framework for embedded deployment.

Furthermore, previous research has largely evaluated model optimization techniques such

as PTQ, QAT and pruning in isolation. Limited attention has been given to systemati-

cally comparing these techniques including different optimization orders using a common

baseline architecture and a consistent evaluation methodology. This makes it difficult to

identify the most suitable deployment strategy for a given resource-constrained applica-

tion.

Motivated by these limitations, this thesis investigates lightweight convolutional autoen-

coders for image compression on embedded devices. A systematic design-space explo-

ration was performed by evaluating multiple baseline architectures together with different

model optimization techniques. Reconstruction quality, classifier accuracy, model size,

and estimated energy consumption were jointly analyzed to understand the trade-offs

between compression performance and deployment efficiency.

The experimental evaluation is intentionally limited to the MNIST dataset and deploy-

ment of the encoder on an Ambiq Apollo3 microcontroller. Communication energy is

estimated using an analytical energy model under explicitly stated assumptions, while

hardware validation focuses on demonstrating successful encoder deployment and mea-

suring inference time. Consequently, the results should be interpreted as an evaluation of

deployment-efficient learned image compression for resource-constrained embedded sys-

tems rather than a complete validation of an autonomous batteryless or wireless IoT

platform.

The findings of this study are intended to provide practical guidance for selecting lightweight

autoencoder architectures and optimization strategies under different resource and energy

constraints, while establishing a foundation for future investigations that incorporate real

image datasets, wireless communication, and energy-harvesting embedded systems.

1.4 Research Questions and Scope

The primary objective of this thesis is to investigate the deployment of lightweight con-

volutional autoencoders for image compression on resource-constrained embedded plat-

forms. The study evaluates the trade-offs between image reconstruction quality, model

complexity, communication efficiency, and deployment cost while assessing the effective-

13



ness of different model optimization techniques.

To achieve this objective, the following research questions are addressed:

1. RQ1: How do different convolutional autoencoder architectures, with varying filter

configurations, bottleneck dimensions, and compression ratios, affect image recon-

struction quality, compression performance, and deployment efficiency on resource-

constrained embedded platforms?

2. RQ2: What are the effects of PTQ, QAT, magnitude-based pruning, and their

different combinations and optimization orders on reconstruction quality, model

size, computational complexity, and estimated energy consumption?

3. RQ3: Can an optimized INT8 convolutional autoencoder be successfully deployed

on an Ambiq Apollo3 microcontroller while satisfying the memory and inference-

time constraints of the target platform?

To answer these research questions, a systematic design-space exploration was performed

using the MNIST dataset. Lightweight convolutional autoencoder models with different

architectural configurations were first evaluated as baseline models. The selected model

optimization techniques were then applied and compared using normalized mean squared

error (NMSE), classifier accuracy, model size, and estimated energy consumption. Pareto-

front analysis was subsequently used to identify suitable deployment candidates, and

a selected INT8 encoder was deployed on an Ambiq Apollo3 microcontroller to verify

deployment feasibility and measure inference time.

The scope of this thesis is limited to the evaluation of convolutional autoencoders using

the MNIST dataset, analytical estimation of encoder computation and communication

energy under explicitly stated assumptions, and hardware deployment of the encoder on

a single embedded platform. The study does not experimentally evaluate wireless com-

munication, camera-based image acquisition, autonomous energy-harvesting operation,

or runtime adaptive model selection. These aspects are considered promising directions

for future work.

1.5 Main Contributions

The main contributions of this thesis are summarized as follows:

1. A systematic design-space exploration of lightweight convolutional autoencoders for

image compression on resource-constrained embedded platforms. Multiple baseline

14



architectures with different encoder filter configurations, bottleneck dimensions, and

compression ratios were evaluated to characterize the trade-offs between reconstruc-

tion quality, compression performance, total energy consumption and deployment

efficiency.

2. A comparative evaluation of model optimization techniques, including PTQ, QAT,

magnitude-based pruning, and their different optimization orders. The optimized

models were assessed using NMSE, classifier accuracy, model size, and estimated

energy consumption.

3. An analytical evaluation framework that jointly estimates the energy associated

with encoder computation and communication of the compressed latent representa-

tion. Pareto-front analysis was applied to identify non-dominated operating points

under different resource and energy constraints.

4. Experimental validation of deployment feasibility by implementing a selected INT8

convolutional autoencoder on an Ambiq Apollo3 microcontroller using TensorFlow

Lite for Microcontrollers and the NeuralSPOT software stack. Hardware experi-

ments demonstrated successful deployment of the encoder and provided measured

inference-time results on the target platform.

1.6 Thesis Outline

The remainder of this thesis is organized as follows.

Chapter 2 presents the theoretical background of the study. It introduces the funda-

mental concepts of TinyML and edge intelligence, energy-aware embedded systems, con-

volutional autoencoders, model optimization techniques, and Pareto optimization that

provide the scientific foundation for this work.

Chapter 3 describes the research methodology. It presents the proposed TinyML image

compression framework, the convolutional autoencoder architecture, the experimental

setup, the model optimization techniques, the analytical energy model, the hardware

platform, and the deployment methodology adopted in this study.

Chapter 4 presents and analyzes the experimental results. The performance of the

baseline models, quantized models, pruned models, and combined optimization strategies

is evaluated in terms of reconstruction quality, classifier accuracy, model size, estimated

energy consumption, and hardware deployment results. Pareto-front analysis is then used
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to identify deployment-efficient operating points.

Chapter 5 discusses the findings of the study by interpreting the experimental results,

comparing them with related work, highlighting the limitations of the proposed approach,

and discussing their implications for resource-constrained TinyML deployment.

Chapter 6 concludes the thesis by summarizing the main findings, answering the research

questions, highlighting the primary contributions of the work, and suggesting directions

for future research.
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2 Theoretical Background

2.1 TinyML and Edge AI

TinyML is a branch of embedded artificial intelligence that enables machine learning

models to execute directly on resource-constrained microcontrollers. Unlike conventional

cloud-based machine learning, where data are transmitted to remote servers for process-

ing, TinyML performs inference locally on the embedded device. Local inference reduces

communication latency, lowers bandwidth requirements and enables real-time decision-

making in applications where reliable network connectivity is unavailable or intermittent

[20, 2].

Typical TinyML platforms are characterized by limited computational capability, mem-

ory capacity, and strict energy budgets. Many commercially available microcontrollers

provide only a few hundred kilobytes of RAM and flash memory while operating at very

low power. These constraints make the direct deployment of conventional deep learning

models impractical and require lightweight neural network architectures together with

model optimization and efficient deployment strategies [17, 13].

Edge Artificial Intelligence (Edge AI) extends this concept by performing computation

close to the data source rather than relying entirely on cloud computing. Instead of trans-

mitting all sensed data, Edge AI processes information locally and communicates only

the required results or compressed representations. This approach reduces communica-

tion overhead, decreases response latency, and improves system reliability and privacy

[18, 22].

Despite these advantages, deploying deep learning models on resource-constrained em-

bedded platforms remains challenging because of limited processing capability, memory

availability, and energy resources. Consequently, lightweight network architectures and

model optimization techniques such as quantization and pruning are commonly employed

to reduce computational complexity, memory footprint, and inference cost while main-

taining acceptable model performance [11, 8].

In this thesis, TinyML provides the deployment platform for implementing lightweight

convolutional autoencoders on an Ambiq Apollo3 microcontroller. The encoder performs

image compression directly on the embedded device, while the more computationally

demanding decoder executes on the receiver side. This architecture reduces the commu-

nication payload while enabling efficient deployment on resource-constrained hardware,
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which is the primary focus of this thesis.

2.2 Convolutional Autoencoders

Autoencoders are a class of unsupervised neural networks designed to learn compact

representations of input data by reconstructing the original input after passing it through

a low-dimensional latent space. A typical autoencoder consists of two main components:

an encoder and a decoder. The encoder compresses the input into a compact latent

representation, while the decoder reconstructs the original input from this representation.

During training, the network learns to minimize the reconstruction error between the

input and the reconstructed output, thereby preserving the most informative features of

the data [6, 9].

Convolutional Autoencoders (CAEs) extend conventional autoencoders by replacing fully

connected layers with convolutional layers. Since convolutional layers exploit the spatial

correlations present in images, CAEs generally achieve better reconstruction performance

while requiring fewer trainable parameters than fully connected architectures. These char-

acteristics make convolutional autoencoders particularly suitable for image compression

and embedded vision applications [15, 19].

For image compression, the encoder transforms the input image into a compact latent

representation whose dimensionality determines the compression ratio. A smaller la-

tent space generally provides higher compression but may reduce reconstruction quality

because of information loss. Conversely, a larger latent representation preserves more

image information but increases the communication payload. Selecting an appropriate

bottleneck dimension therefore requires balancing reconstruction quality against commu-

nication efficiency.

The decoder reconstructs the image from the latent representation. During training, the

encoder and decoder are jointly optimized using a reconstruction loss function so that

the latent representation captures the most relevant image features. After training, the

encoder can be deployed on a resource-constrained embedded device, while the decoder

executes on a more capable receiver or edge server. This partitioning significantly reduces

the amount of transmitted data and makes convolutional autoencoders well suited for

TinyML-based image compression.

In this thesis, lightweight convolutional autoencoders are used to compress MNIST images

before transmission. Multiple architectures with different encoder filter configurations,
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Figure 2: General architecture of a convolutional autoencoder used for image compression.
The encoder compresses the input image into a compact latent representation, which is
transmitted to the receiver where the decoder reconstructs the original image. Illustration
created by the author based on [9, 15, 19].(Created by author)

bottleneck dimensions, and compression ratios are systematically evaluated to investigate

the trade-offs between reconstruction quality, communication efficiency, and deployment

cost. The selected encoder is subsequently deployed on an Ambiq Apollo3 microcontroller,

while the decoder is executed on the receiver, reflecting the deployment strategy adopted

throughout this work.

2.3 Model Optimization Techniques

Deep learning models are typically developed and trained using floating-point arithmetic

on high performance computing platforms. However, directly deploying these models on

resource-constrained embedded devices is often impractical because of limited memory

capacity, computational capability, and energy budget. Consequently, model optimization

techniques are widely used to reduce model size, computational complexity, and inference

cost while maintaining acceptable model performance.

Among the various optimization techniques proposed in the literature, quantization and

pruning have become two of the most widely adopted approaches for TinyML applications

[8, 11, 16].

Quantization reduces the numerical precision of model parameters and activations,

typically from 32-bit floating-point (FP32) to 8-bit integer (INT8) representations. This

decreases memory usage and enables more efficient integer arithmetic on microcontrollers.
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Figure 3: Overview of the model optimization techniques investigated in this thesis.
A baseline FP32 model is optimized using PTQ, QAT, or magnitude-based pruning.
PTQ and QAT produce INT8 models with reduced memory requirements, while pruning
removes less important weights to reduce model complexity. (Illustration created by the
author)

Two quantization approaches are considered in this thesis:

• PTQ converts a trained floating-point model to lower precision after training. It is

simple to apply and requires no retraining, although it may result in some degra-

dation in model performance.

• QAT simulates quantization effects during training, enabling the model to adapt to

reduced numerical precision and generally preserving higher reconstruction quality

after quantization.

Pruning removes parameters or filters that contribute little to the final prediction. In

this work, a magnitude-based pruning strategy is employed, where weights with small

absolute values are removed according to a predefined threshold. Pruning reduces model

complexity and memory requirements, although unstructured pruning does not necessar-

ily lead to faster execution on dense microcontroller kernels.

Quantization and pruning can also be combined to further improve deployment efficiency.

For example, pruning may be applied before quantization, or quantization may be followed
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by pruning. The effectiveness of each optimization strategy and its ordering depends on

the neural network architecture, deployment constraints, and target hardware platform.

In this thesis, PTQ, QAT, and magnitude-based pruning are investigated both indi-

vidually and in combination. Their impact is evaluated with respect to reconstruction

quality, classifier accuracy, model size, and estimated energy consumption in order to

identify deployment-efficient convolutional autoencoder models.

Figure 3 illustrates the model optimization techniques investigated in this thesis. Start-

ing from a baseline floating-point model, PTQ, QAT, and magnitude-based pruning are

applied to improve deployment efficiency on resource-constrained embedded devices.

2.3.1 PTQ

PTQ is a model optimization technique that converts a trained floating-point neural

network into a lower-precision representation after training has been completed. Unlike

other optimization methods, PTQ does not require retraining of the model, making it

a simple and computationally efficient approach for deployment on resource-constrained

embedded devices [11, 16].

The most common form of PTQ converts FP32 weights and activations into INT8 repre-

sentations. This significantly reduces the model memory footprint and enables efficient

integer arithmetic during inference. As a result, PTQ decreases storage requirements,

reduces memory bandwidth, and can improve inference efficiency on hardware platforms

that support integer operations.

To perform PTQ, a representative calibration dataset is typically used to estimate the

dynamic ranges of activations. These ranges are then used to determine appropriate

scaling factors and zero-points that map floating-point values to integer representations

while minimizing quantization error [11].

Although PTQ is straightforward to apply and requires no additional training, the re-

duced numerical precision may introduce quantization errors that degrade model perfor-

mance. The magnitude of this degradation depends on the neural network architecture,

the characteristics of the dataset, and the sensitivity of different layers to quantization.

In this thesis, PTQ is applied to the trained convolutional autoencoder models after

training. The quantized models are evaluated using NMSE, classifier accuracy, model

size, and estimated energy consumption to assess their suitability for deployment on the
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Ambiq Apollo3 microcontroller.

2.3.2 QAT

QAT is a model optimization technique in which quantization effects are incorporated

during the training process. Unlike PTQ, where a trained floating-point model is quan-

tized after training, QAT simulates low-precision arithmetic throughout training. This

enables the neural network to adapt to quantization-induced errors, thereby improving

the performance of the final quantized model [11, 16].

During QAT, the model is trained using floating-point parameters while fake quantization

operations simulate the numerical behaviour of low precision arithmetic during both

the forward and backward passes. The gradients are still computed in floating-point

precision, allowing the optimization process to compensate for the errors introduced by

quantization. As a result, the final model is generally more robust to reduced numerical

precision than a model produced using PTQ.

Compared with PTQ, QAT typically achieves higher inference accuracy after quantiza-

tion, particularly for deep neural networks and applications that are sensitive to numerical

precision. However, this improved performance comes at the cost of additional computa-

tional effort because the model must be retrained with quantization simulated throughout

the optimization process.

In this thesis, QAT is applied to the baseline convolutional autoencoder models to gener-

ate deployment-efficient INT8 models. The resulting models are evaluated using NMSE,

classifier accuracy, model size, and estimated energy consumption. Their performance

is then compared with both the baseline floating-point models and the PTQ models to

assess the effectiveness of quantization-aware training for embedded image compression

on the Ambiq Apollo3 microcontroller.

2.3.3 Magnitude-Based Pruning

Pruning is a model optimization technique that removes parameters or filters that con-

tribute little to the predictive capability of a neural network. The primary objective of

pruning is to reduce model complexity, memory requirements, and computational cost

while maintaining acceptable model performance. By eliminating redundant parame-

ters, pruning enables more efficient deployment of deep learning models on resource-

constrained embedded devices [8, 3].
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Among the various pruning approaches proposed in the literature, magnitude-based prun-

ing is one of the most widely adopted because of its simplicity and effectiveness. The

underlying assumption is that parameters with small absolute values contribute less to

the network output than parameters with larger magnitudes. During pruning, weights or

filters with magnitudes below a predefined threshold are removed or set to zero, producing

a sparse neural network.

Pruning can be performed either before or after model training. In practice, iterative

pruning followed by fine-tuning is commonly employed to recover part of the performance

loss caused by removing network parameters. The overall effectiveness of pruning depends

on the pruning strategy, pruning ratio, neural network architecture, and the deployment

hardware.

In this thesis, a two-stage magnitude-based pruning strategy is applied to the convolu-

tional autoencoder models. The pruned models are subsequently evaluated using NMSE,

classifier accuracy, model size, and estimated energy consumption. Their performance

is also compared with PTQ, QAT, and the combined optimization strategies to identify

deployment-efficient models for the Ambiq Apollo3 microcontroller.

2.4 Energy Consumption in Embedded AI

Energy efficiency is one of the primary challenges in deploying artificial intelligence on

resource-constrained embedded devices. Unlike cloud computing platforms, embedded

systems typically operate with limited battery capacity or harvested energy, making en-

ergy consumption a critical design constraint. Consequently, reducing computational

cost and communication overhead is essential for extending device lifetime and enabling

long-term autonomous operation [18, 2].

The total energy consumption of an embedded AI application generally consists of two

main components: computation energy and communication energy. Computation en-

ergy is consumed while executing neural network inference on the microcontroller and

depends on factors such as processor architecture, clock frequency, supply voltage, and

the number of arithmetic operations. Communication energy is associated with transmit-

ting data between the embedded device and an external receiver. The required energy

depends primarily on the size of the transmitted payload and the characteristics of the

communication technology employed [10].

For image-based sensing applications, communication energy often represents a signifi-
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cant portion of the overall energy budget because transmitting raw images requires sub-

stantially more data than transmitting compact feature representations. Learned image

compression using convolutional autoencoders addresses this challenge by generating a

compact latent representation on the embedded device, thereby reducing the amount of

transmitted information while maintaining acceptable reconstruction quality.

Several studies have shown that jointly considering computation and communication is

essential when evaluating deployment-efficient TinyML systems. Optimizing only the

neural network complexity may reduce computation energy while leaving communication

costs largely unchanged, whereas focusing solely on communication may increase com-

putational overhead. Therefore, an effective deployment strategy should balance both

aspects according to the application requirements and hardware constraints [2].

In this thesis, total energy consumption is evaluated using an analytical model that jointly

considers the energy required for encoder computation and transmission of the com-

pressed latent representation. The energy estimates are derived under explicitly stated

assumptions and are used to compare different convolutional autoencoder architectures

and model optimization techniques. Hardware validation is limited to successful encoder

deployment and inference-time measurement on the Ambiq Apollo3 microcontroller. Di-

rect measurement of consumed energy using an external power measurement device is

outside the scope of this work and is left for future work.

2.5 Pareto Optimization

Many engineering design problems involve multiple objectives that conflict with one an-

other. In TinyML-based image compression, improving one performance metric often

degrades another. For example, increasing the compression ratio may reduce communi-

cation energy but can also decrease image reconstruction quality. Similarly, larger neural

network models may improve reconstruction performance while requiring more memory,

computation, and energy. Consequently, selecting a single optimal solution requires bal-

ancing multiple competing objectives.

Pareto optimization is a widely used multi-objective optimization approach for identify-

ing solutions that represent the best trade-offs among conflicting objectives. A solution

is considered Pareto optimal if no other solution can improve one objective without si-

multaneously degrading at least one other objective. The collection of all Pareto-optimal

solutions is known as the Pareto front, where each solution represents a different com-
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promise between competing performance metrics [5, 14].

In embedded machine learning, Pareto optimization is frequently used to evaluate the

trade-offs between model accuracy, computational complexity, memory footprint, infer-

ence latency, and energy consumption. Instead of selecting a model based on a single

metric, Pareto analysis enables designers to choose a deployment candidate that best sat-

isfies the resource constraints and performance requirements of a particular application.

In this thesis, Pareto-front analysis is employed to compare different convolutional autoen-

coder architectures and model optimization techniques. The models are evaluated using

reconstruction quality and estimated total energy consumption. The resulting Pareto-

optimal solutions represent deployment-efficient operating points that provide different

trade-offs between image quality and energy efficiency for resource-constrained embedded

platforms.

2.6 Chapter Summary

This chapter presented the theoretical background that forms the foundation of this the-

sis. It introduced the concepts of TinyML and Edge AI, highlighting the challenges of

deploying deep learning models on resource-constrained embedded devices. The princi-

ples of convolutional autoencoders were then discussed, emphasizing their suitability for

learned image compression by generating compact latent representations for efficient data

transmission. The chapter also reviewed the model optimization techniques investigated

in this work, including PTQ, QAT, and magnitude-based pruning. Their roles in re-

ducing model size, computational complexity, and memory requirements were explained

together with their relevance to embedded deployment. Furthermore, the importance

of jointly considering computation and communication energy was discussed, followed

by an introduction to Pareto optimization as a multi-objective approach for identifying

deployment-efficient models that balance reconstruction quality and energy consumption.

The concepts presented in this chapter provide the theoretical basis for the methodology

described in the next chapter, where the proposed TinyML image compression frame-

work, experimental setup, model optimization procedures, analytical energy model, and

hardware deployment methodology are presented in detail.
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3 Methodology

3.1 Overview of the Proposed Framework

This chapter describes the methodology adopted to develop and evaluate the proposed

TinyML image compression framework for resource-constrained embedded systems. The

methodology consists of model development, systematic design-space exploration, model

optimization, analytical energy evaluation, and hardware deployment. Figure 4 presents

an overview of the complete workflow adopted in this study.

The framework begins with the MNIST dataset, which is used to train lightweight convo-

lutional autoencoder models. A systematic design-space exploration is then performed by

varying the encoder filter configurations, bottleneck dimensions, and compression ratios,

resulting in 70 baseline architectures. These baseline models are evaluated using NMSE

and classifier accuracy to characterize the trade-offs between reconstruction quality and

compression performance.

The baseline models are subsequently optimized using PTQ, QAT, and a two-stage

magnitude-based pruning strategy. Different optimization sequences are also investi-

gated. The optimized models are compared with the baseline models in terms of NMSE,

classifier accuracy, model size, and estimated energy consumption.

An analytical energy model is employed to estimate the combined energy required for en-

coder computation and transmission of the compressed latent representation under explic-

itly stated assumptions. Pareto-front analysis is then applied to identify non-dominated

operating points that provide suitable trade-offs between reconstruction quality and es-

timated total energy consumption.

Finally, a selected INT8 convolutional autoencoder encoder is deployed on an Ambiq

Apollo3 microcontroller using TensorFlow Lite for Microcontrollers (TFLM) and the Neu-

ralSPOT software stack. Hardware experiments validate successful deployment and mea-

sure inference time, demonstrating the feasibility of the proposed framework for resource-

constrained embedded AI applications.

3.2 Dataset and Preprocessing

The MNIST handwritten digit dataset was used throughout this study to train and

evaluate the proposed convolutional autoencoder models. MNIST is one of the most
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Figure 4: Overview of the methodology adopted in this study. The workflow begins with
the MNIST dataset and training of convolutional autoencoder models, followed by design-
space exploration of 70 baseline architectures. The models are then optimized using PTQ,
QAT, and magnitude-based pruning. After performance evaluation and Pareto-front
analysis, a selected INT8 encoder is deployed on the Ambiq Apollo3 microcontroller for
inference-time measurement and hardware validation. (Illustration created by the author)

widely used benchmark datasets for image classification and image reconstruction tasks.

It consists of 70,000 grayscale images of handwritten digits (0–9), of which 60,000 images

are provided for training and 10,000 images are reserved for testing. Each image has a

resolution of 28 × 28 pixels with a single grayscale channel [12].

Before training, the pixel values of all images were normalized to the range of 0 to 1

by dividing each pixel value by 255. Image normalization improves numerical stability

during training and facilitates faster convergence of the optimization algorithm.

The same normalized images were used as both the input and target output during

autoencoder training because the objective of the network is to reconstruct the origi-

nal image after compressing it into a lower-dimensional latent representation. No data

augmentation techniques were applied, since the objective of this study was to evaluate

the image compression capability of lightweight convolutional autoencoders rather than

improve classification performance.
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The trained encoder models were subsequently converted into deployment ready for-

mats for hardware implementation. For embedded deployment, representative datasets

were used during post-training quantization to calibrate the activation ranges, while

quantization-aware training incorporated quantization effects during the training pro-

cess. All baseline and optimized models were evaluated using the same training and

testing datasets to ensure a fair comparison.

3.3 Convolutional Autoencoder Architecture

The proposed image compression framework is based on a lightweight CAE designed for

deployment on resource-constrained embedded devices. The network consists of two main

components: an encoder and a decoder. The encoder compresses the input image into

a compact latent representation, while the decoder reconstructs the original image from

this latent representation.

The encoder comprises two convolutional layers followed by batch normalization and Rec-

tified Linear Unit (ReLU) activation functions. The extracted feature maps are flattened

and mapped to a fully connected bottleneck layer, which produces the latent represen-

tation. Different bottleneck dimensions were investigated to study the trade-off between

compression ratio, reconstruction quality, and deployment efficiency.

The decoder reconstructs the original image by applying a fully connected layer followed

by transposed convolutional layers. During training, the encoder and decoder are jointly

optimized to minimize the reconstruction loss between the input and reconstructed im-

ages. After training, only the encoder is deployed on the Ambiq Apollo3 microcontroller,

while the decoder is executed on the receiver. This partitioning reduces the communi-

cation payload while keeping the computational requirements of the embedded device

low.

To investigate the influence of model complexity on deployment performance, a system-

atic design-space exploration was performed by varying the encoder filter configurations,

bottleneck dimensions, and compression ratios. In total, 70 baseline convolutional autoen-

coder architectures were generated and evaluated. The resulting models were compared

using NMSE, classifier accuracy, model size, and estimated energy consumption before

applying model optimization techniques.

Figure 5 shows an example of the encoder architecture used in the baseline experiments.

The encoder compresses the input MNIST image into a low dimensional latent repre-
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Figure 5: Example encoder architecture of a baseline convolutional autoencoder model.
The red box highlights the bottleneck part of the encoder. (Figure created by the author)

sentation. The red box highlights the bottleneck part of the encoder. In this stage, the

feature maps are further compressed, flattened, and mapped to the final latent vector.

This latent vector represents the compressed image information that is transmitted from

the embedded device instead of the full input image.

Input image
28× 28× 1

Conv2D
filters = f1

MaxPool
Conv2D

filters = f2
MaxPool Bottleneck

channels = b
Flatten Latent vector

size = n

Encoder filter
configuration

(f1, f2)

Bottleneck
channels
b = 1 or 2

Compression ratio
controls latent

vector size

Figure 6: Relationship between the design-space parameters and the encoder architecture.
The encoder filter configuration (f1, f2) controls the first and second convolutional layers,
the bottleneck channel parameter controls the bottleneck layer, and the compression ratio
controls the final latent-vector size.

Figure 6 explains how the design-space parameters are connected to the encoder archi-

tecture shown in Figure 5. The encoder filter configuration (f1, f2) defines the number

of filters in the first and second convolutional layers. The bottleneck channel parameter

controls the depth of the bottleneck representation. The compression ratio controls the

size of the final latent vector, which represents the compressed data transmitted from the

embedded device.
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Figure 7: Example decoder architecture used to reconstruct the image from the latent
vector.(Figure created by the author)

The decoder, shown in Figure 7, reconstructs the image from the latent representation.

In the considered deployment scenario, the encoder is assumed to run on the resource

constrained IoT node, while the decoder can be executed either on a gateway, edge

server, or more powerful receiver side device. This makes encoder complexity particularly

important for TinyML deployment.

3.4 Design-Space Exploration

A systematic design-space exploration was conducted to investigate how the convolu-

tional autoencoder architecture influences reconstruction quality, compression perfor-

mance, model complexity, and estimated energy consumption. Instead of evaluating

a single architecture, multiple lightweight baseline models were generated by varying the

encoder filter configuration, bottleneck channel configuration, and compression ratio. As

illustrated in Figure 6, the design-space parameters are directly connected to specific

parts of the encoder architecture: the encoder filter configuration controls the two con-

volutional layers, the bottleneck channel configuration controls the bottleneck layer, and

the compression ratio controls the final latent-vector size. The encoder filter configura-

tions considered in this study were (2, 1), (4, 2), (8, 4), (16, 8), and (32, 16), where each

pair represents the number of filters used in the first and second convolutional layers,
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respectively. Bottleneck channel configurations of one and two channels were evaluated.

Compression ratios 0.01, 0.02, 0.10, 0.20, 0.30, 0.40 and 0.50 were considered to control

the size of the latent representation. The valid combinations of these design parameters

resulted in a total of 70 baseline convolutional autoencoder models.

All baseline models were trained and evaluated using the same dataset, preprocessing

procedure, training configuration, and evaluation metrics to ensure a fair comparison.

Reconstruction quality was measured using NMSE, while downstream classifier accuracy

was used to assess whether the reconstructed images retained task-relevant information.

Model size and estimated energy consumption were also recorded to characterize the

deployment cost of each architecture.

The design-space exploration was used to identify the relationships among encoder com-

plexity, latent representation size, reconstruction quality, and deployment efficiency. The

resulting baseline models formed the reference set for the subsequent evaluation of PTQ,

QAT, magnitude-based pruning, and combined optimization strategies.

Design parameter Values considered
Encoder filter configuration (2, 1), (4, 2), (8, 4), (16, 8), (32, 16)
Bottleneck channels 1 and 2
Compression ratio 0.01, 0.10, 0.20, 0.30, 0.40, and 0.50
Total baseline models 70
Evaluation metrics NMSE, classifier accuracy, model size, and es-

timated energy consumption

Table 1: Design parameters used to generate the baseline convolutional autoencoder
models.

3.5 Model Optimization

The theoretical background of PTQ, QAT, and magnitude-based pruning was introduced

in Section 2.3. This section describes how these optimization techniques were applied

experimentally to the 70 baseline convolutional autoencoder models obtained from the

design-space exploration.

The purpose of this stage was to evaluate whether model optimization could improve de-

ployment efficiency while preserving acceptable reconstruction quality. Each optimized

model was compared with its corresponding FP32 baseline model using the same eval-

uation metrics: NMSE, classifier accuracy, model size, and estimated total energy con-

sumption.
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Three individual optimization techniques were first evaluated: PTQ, QAT, and encoder

weight pruning. In addition, combined optimization strategies were investigated to study

whether applying quantization and pruning together could provide better energy vs qual-

ity trade-offs than using a single optimization technique alone.

The following subsections describe the implementation of each optimization method and

the evaluation procedure used to compare the optimized models.

3.5.1 PTQ

PTQ was applied to the trained FP32 convolutional autoencoder models after training.

For each baseline model, the trained TensorFlow model was converted into an INT8

TensorFlow Lite model using a representative calibration dataset. The calibration data

were used to estimate the activation ranges required for integer quantization.

After conversion, each PTQ model was evaluated using the same test set and evalua-

tion procedure as the corresponding FP32 baseline model. Reconstruction quality was

measured using NMSE, while classifier accuracy was used to evaluate whether the re-

constructed images preserved task-relevant information. Model size and estimated total

energy consumption were also recorded to assess deployment efficiency.

This comparison was used to determine how much deployment efficiency could be im-

proved by applying PTQ without retraining the model.

3.5.2 QAT

QAT was applied to reduce the loss in reconstruction quality caused by low-precision

deployment. Unlike PTQ, where quantization is applied only after training, QAT includes

simulated quantization effects during training. This allows the model to adapt to INT8

arithmetic before final conversion.

In this thesis, the baseline FP32 convolutional autoencoder models were retrained us-

ing QAT. After retraining, the QAT models were converted into INT8 TensorFlow Lite

models for evaluation and hardware deployment consideration.

The QAT models were evaluated using the same metrics as the baseline and PTQ models:

NMSE, classifier accuracy, model size, and estimated total energy consumption. The

results were then compared with the FP32 and PTQ models to determine whether QAT

provided a better trade-off between reconstruction quality and deployment efficiency.
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3.5.3 Magnitude-Based Encoder Pruning

Magnitude-based pruning was applied to the encoder part of the convolutional autoen-

coder. The encoder was selected for pruning because it is the component deployed on

the resource-constrained embedded device, while the decoder is executed on the receiver

side.

A two-stage pruning procedure was used. In the first stage, sparsity was encouraged dur-

ing training by adding an L1 regularization term to the encoder weights. This encouraged

less important weights to move closer to zero. In the second stage, a hard threshold was

applied after training to remove weights with small magnitudes.

After pruning, the remaining model parameters were fine-tuned to recover reconstruction

performance. The pruned models were then evaluated using NMSE, classifier accuracy,

model size, and estimated total energy consumption.

The objective of this experiment was to determine whether encoder pruning could reduce

computational complexity while maintaining acceptable reconstruction quality.

3.5.4 Combined Optimization Strategies

In addition to evaluating PTQ, QAT, and pruning individually, combined optimization

strategies were also investigated. The purpose was to determine whether applying mul-

tiple optimization techniques together could provide better deployment efficiency than

using a single technique alone.

The following optimization sequences were evaluated:

• Pruning + PTQ: encoder pruning was applied first, followed by PTQ.

• Pruning + QAT: encoder pruning was applied first, followed by QAT.

• PTQ + Pruning: PTQ was applied first, followed by pruning.

• Pruning + Dropout: pruning was combined with dropout-based fine-tuning.

• Random pruning: weights were removed randomly and used as a comparison

method.

Each combined optimization strategy was evaluated using the same experimental setup as

the baseline and individually optimized models. The results were compared using recon-

struction quality, classifier accuracy, model size, and estimated total energy consumption.
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The combined optimization experiments were included to identify whether a sequence of

optimization techniques could provide improved energy vs quality trade-offs for TinyML

deployment. The resulting optimized models were later included in the Pareto-front

analysis to identify suitable candidates for hardware implementation.

3.6 Analytical Energy Model

To compare the deployment efficiency of different convolutional autoencoder models,

an analytical energy model was developed to estimate the total energy consumption

of the proposed TinyML image compression framework. The model considers the two

dominant energy components of the system: the computation energy required to execute

the encoder on the embedded device and the communication energy required to transmit

the compressed latent representation.

Only the encoder is assumed to execute on the resource constrained IoT node, while

the decoder is assumed to execute on the receiver or host computer. Consequently, the

analytical model considers only the encoder computation energy and the energy associated

with transferring the compressed latent payload. The decoder energy, wireless protocol

overhead, and the energy consumed by an external radio transceiver are outside the scope

of this model.

The total energy consumption is expressed as

Etotal = Ecomp + Etx, (1)

where Ecomp denotes the encoder computation energy and Etx denotes the transmission

energy.

3.6.1 Computation Energy

The computation energy represents the energy consumed by the microcontroller during

encoder inference. It depends on the computational complexity of the network, which is

characterized by the number of multiply accumulate (MAC) operations executed by the

encoder.

The computation energy is estimated as
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Ecomp = µcV aC, (2)

where

• µc is the hardware-dependent computation energy coefficient,

• V is the supply voltage,

• a is the number of processor cycles required per MAC operation,

• C is the total number of MAC operations executed by the encoder.

Models with more convolutional filters, larger bottleneck dimensions, or higher archi-

tectural complexity generally require a larger number of MAC operations and therefore

consume more computation energy.

3.6.2 Transmission Energy

After image compression, the encoder produces a latent representation containing n la-

tent variables. If each latent variable is represented using k bits, the total number of

transmitted bits is

nbits = nk. (3)

Assuming that one bit is transmitted per clock cycle and the microcontroller operates at

a clock frequency f , the transmission time is

t =
nbits

f
=

nk

f
. (4)

The active power consumption of the microcontroller is

P = IV, (5)

where the active current is modeled as

I = µtf, (6)
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with µt representing the hardware-dependent current coefficient. Based on the target

embedded platform, the current coefficient is assumed to be µt = 6 µA/MHz and the

operating voltage is assumed to be V = 3.3 V.

Therefore, the transmission energy is

Etx = Pt = (µtfV )

(
nk

f

)
, (7)

which simplifies to

Etx = µtV kn. (8)

The analytical model assumes that the antenna energy and communication protocol over-

head are negligible. Consequently, the transmission energy is proportional to the latent

vector dimension and the number of bits used to represent each latent value.

3.6.3 Total Energy Consumption

Combining the encoder computation energy and the latent-vector transmission energy

gives the estimated total energy consumption of the proposed framework:

Etotal = µcV aC + µtV kn. (9)

In Equation 9, the first term represents the energy required to execute the encoder on the

embedded device, while the second term represents the energy associated with transferring

the compressed latent representation. The total energy therefore depends on both the

encoder complexity and the size of the transmitted latent vector.

This equation estimates the deployment energy only. It does not directly include recon-

struction quality or reconstruction error. Therefore, reconstruction quality is evaluated

separately using NMSE, and the estimated energy values are later compared with NMSE

through Pareto-front analysis. In this way, the energy model provides the deployment-

cost estimate, while NMSE provides the reconstruction-quality measure.

With the compression-ratio definition used in this thesis, a smaller compression ratio

produces a smaller latent vector and therefore reduces the number of transmitted val-

ues. This lowers transmission energy, but it can increase reconstruction error because
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less information is preserved. Conversely, a larger compression ratio produces a larger

latent vector, which can improve reconstruction quality but increases the communication

payload and estimated total energy consumption.

The analytical energy model was applied consistently to all baseline and optimized con-

volutional autoencoder models to compare their deployment efficiency under the same

assumptions.

3.7 Hardware Deployment

To validate the practical feasibility of the proposed TinyML image compression frame-

work, a selected INT8 convolutional autoencoder encoder was deployed on an Ambiq

Apollo3 Blue Plus microcontroller. The deployment focused exclusively on the encoder

because image compression is performed on the resource-constrained embedded device,

while image reconstruction is carried out by the decoder on the receiver side. This de-

ployment strategy significantly reduces the computational and memory requirements of

the embedded platform.

After training, the selected convolutional autoencoder model was converted from the

TensorFlow format to the TFLite format. QAT was used to generate an INT8 model

suitable for deployment on the target hardware. The TFLite model was subsequently

converted into a C header file and embedded into the firmware. TensorFlow Lite for Mi-

crocontrollers (TFLM) was used as the inference engine, while the NeuralSPOT software

stack and AmbiqSuite SDK provided the embedded software environment for executing

the model on the Apollo3 Blue Plus evaluation board [4].

During initialization, the embedded application loads the neural network model, allocates

the tensor arena required by TFLM, initializes the Micro Interpreter, and prepares the

input and output tensors for inference. Once an input image is supplied, the encoder

performs forward inference and produces a compressed latent representation. The latent

vector can then be transmitted to an external receiver, where the decoder reconstructs

the original image.

Figure 8 illustrates the workflow used to convert, integrate, and deploy the selected INT8

encoder on the Ambiq Apollo3 Blue Plus microcontroller.

The primary objective of the hardware deployment was to verify that the selected INT8

encoder could execute successfully within the memory limitations of the Apollo3 micro-
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Figure 8: Hardware deployment workflow of the proposed TinyML image compression
framework. The convolutional autoencoder is trained in TensorFlow and exported as
an INT8 TensorFlow Lite model. The model is converted into a C header file and in-
tegrated into the embedded firmware using TFLM, NeuralSPOT, and the AmbiqSuite
SDK. The encoder is executed on the Ambiq Apollo3 Blue Plus microcontroller to gen-
erate a compressed latent representation, which is transferred to the host computer for
image reconstruction by the decoder. Illustration created by the author.

controller. Inference time was measured directly on the embedded platform using the

built-in timing functionality available in the NeuralSPOT framework. The measured in-

ference time was used to validate the practical deployment feasibility of the proposed

TinyML framework. Hardware evaluation in this thesis is limited to successful model

execution and inference time measurement, while energy consumption is estimated sepa-

rately using the analytical energy model presented in Chapter 3.

3.8 Performance Evaluation Metrics

The proposed TinyML image compression framework is evaluated using multiple perfor-

mance metrics that assess reconstruction quality, model effectiveness, deployment effi-

ciency, and energy consumption. Since no single metric can fully characterize the perfor-

mance of a compression model, several complementary metrics are considered throughout

this thesis. These metrics are consistently used to compare the baseline convolutional au-
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toencoder models and the optimized models obtained through quantization and pruning.

3.8.1 NMSE

NMSE is used to evaluate the reconstruction quality of the convolutional autoencoder.

It measures the difference between the original image and the reconstructed image while

normalizing the error with respect to the signal energy. Lower NMSE values indicate bet-

ter reconstruction quality and more accurate preservation of image information. NMSE

is widely used in image reconstruction and compression tasks because it enables fair

comparison across different models and datasets [6, 19].

3.8.2 Classifier Accuracy

Although the autoencoder is optimized for image reconstruction rather than image clas-

sification, preserving semantic information is important for many embedded vision ap-

plications. Therefore, a pretrained image classifier is used to classify the reconstructed

images, and the resulting classification accuracy is reported. Higher classifier accuracy in-

dicates that the compressed latent representation preserves the important visual features

required for downstream tasks.

3.8.3 Model Size

Model size represents the amount of memory required to store the trained neural network

parameters. This metric is particularly important for TinyML applications because em-

bedded microcontrollers provide limited flash memory. Model size is reported for both the

baseline and optimized models to evaluate the effectiveness of quantization and pruning

in reducing storage requirements [2, 11].

3.8.4 Inference Time

Inference time represents the execution time required by the embedded encoder to process

a single input image. During hardware deployment, inference time is measured directly

on the Ambiq Apollo3 Blue Plus microcontroller using the built-in timing functionality

available in the NeuralSPOT framework. Faster inference indicates more efficient exe-

cution on the target embedded platform and is an important requirement for real-time

TinyML applications [4].
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3.8.5 Estimated Total Energy Consumption

The analytical energy model developed in Chapter 3 is used to estimate the total en-

ergy consumption of each convolutional autoencoder. The estimated total energy con-

sists of the encoder computation energy and the transmission energy associated with

the compressed latent representation. This metric enables a systematic comparison of

different network architectures and optimization strategies under the same hardware

assumptions. Lower estimated energy indicates a more deployment-efficient model for

resource-constrained embedded systems.

The combination of these metrics provides a comprehensive evaluation of the proposed

TinyML framework by considering reconstruction quality, preservation of semantic infor-

mation, memory footprint, computational efficiency, and estimated energy consumption.

These metrics form the basis for the experimental comparison presented in Chapter 4.
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4 Results and Discussion

4.1 Baseline Model Performance

This section presents the experimental results of the FP32 baseline convolutional autoen-

coder models. These models were obtained from the design-space exploration described

in Chapter 3 and are used as reference models for evaluating the effect of quantization,

pruning, and combined optimization techniques.

The baseline models were evaluated using NMSE, downstream classifier accuracy, model

size, and estimated total energy consumption. The purpose of this analysis is to identify

how encoder complexity and latent-vector size affect reconstruction quality and deploy-

ment efficiency.

The results show a clear trade-off between reconstruction quality and energy consumption.

Larger encoder architectures and larger latent representations generally reduce NMSE

and improve classifier accuracy, but they also increase computation cost and transmission

energy. In contrast, stronger compression reduces the communication payload but usually

increases reconstruction error.

Figure 9: Total energy consumption versus NMSE for FP32 baseline autoencoder models.
CR denotes the compression ratio, and bn denotes the number of bottleneck channels.
The raw-image transmission case is shown as a reference point. Source: author’s experi-
ments.

In Figure 9, CR denotes the compression ratio and bn denotes the number of bottleneck

channels used in the bottleneck layer. The compression ratio controls the size of the

final latent vector. For an MNIST input image of size 28 × 28, the raw input contains

784 pixel values. Therefore, a smaller CR produces a smaller latent vector and reduces

the transmitted payload, while a larger CR produces a larger latent vector and preserves
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more image information. For example, CR values of 0.01, 0.02, 0.10, 0.20, and 0.30

correspond approximately to latent-vector sizes of 7, 78, 156, and 235 values, respectively.

The parameter bn controls the bottleneck depth before the final latent representation is

generated.

Table 2: Relationship between compression ratio and latent-vector size for MNIST im-
ages.

Compression ratio (CR) Approximate latent-vector size
0.01 7
0.02 15
0.10 78
0.20 156
0.30 235
0.40 313
0.50 392

Thus, CR mainly controls the amount of information transmitted, while bn controls the

internal bottleneck capacity of the encoder. This explains why models with larger CR

values usually achieve lower NMSE but consume more transmission energy. However,

a smaller latent vector preserves less image information and usually increases NMSE.

Conversely, a larger compression ratio improves reconstruction quality but increases the

communication payload and total energy consumption.

Figure 10: Pareto frontier of FP32 baseline models based on estimated total energy
consumption and NMSE. Source: author’s experiments.

Figure 10 presents the Pareto frontier of the FP32 baseline models. A model is considered

Pareto-optimal if no other model achieves both lower estimated total energy consumption

and lower NMSE at the same time. Therefore, the Pareto frontier identifies the most

efficient baseline models for different energy budgets.
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Classifier accuracy was also evaluated to determine whether the reconstructed images

preserved sufficient information for downstream recognition tasks. This is important

because a low reconstruction error does not always guarantee that the compressed image

remains useful for machine-learning-based sensing applications.

Figure 11: Total energy consumption versus classifier accuracy for FP32 baseline models.
Source: author’s experiments.

As shown in Figure 11, classifier accuracy generally improves as the latent representation

becomes larger. This indicates that larger latent vectors preserve more discriminative

features of the input digits. However, after a certain point, the improvement in classifier

accuracy becomes small compared with the increase in estimated energy consumption.

This confirms that the most useful operating points are not necessarily the largest models,

but rather the models that provide a balanced trade-off between energy consumption and

task performance.

Figure 12: Pareto frontier of FP32 baseline models based on total energy and classifier
accuracy. Source: author’s experiments.

Figure 12 shows that many FP32 baseline models do not clearly outperform the raw-

image baseline when both energy consumption and classifier accuracy are considered.
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Although these models reduce the transmitted payload by sending a compressed latent

representation, the additional encoder computation and reconstruction loss can reduce

the overall benefit. This indicates that the baseline FP32 models alone are not always

sufficient for efficient embedded deployment. Therefore, model optimization techniques

such as quantization and pruning are required to improve the energy vs accuracy trade-off.

4.2 Effect of Quantization

This section evaluates the effect of applying PTQ and QAT to the baseline convolutional

autoencoder models. The theoretical background of these methods was introduced in Sec-

tion 2.3; therefore, this section focuses on their effect on reconstruction quality, classifier

accuracy, model size, and estimated energy consumption.

The quantized models were compared with their corresponding FP32 baseline models.

The objective was to determine whether INT8 deployment can reduce model size and

improve hardware feasibility while preserving acceptable reconstruction quality.

Figure 13: Shift from FP32 models to PTQ INT8 and QAT INT8 models in terms of
estimated total energy consumption and NMSE. Source: author’s experiments.

In Figure 13, each marker represents one evaluated model. The figure shows that the

INT8 quantized models generally remain close to the FP32 baseline models in terms

of NMSE, while improving deployment feasibility through reduced numerical precision.

QAT models tend to preserve reconstruction quality better than PTQ models because

quantization effects are included during training. The results show that both PTQ and

QAT reduce deployment cost while maintaining acceptable reconstruction quality for

many architectures. Most quantized models remain close to their corresponding FP32

models in terms of NMSE, indicating that the convolutional autoencoders are relatively

robust to reduced numerical precision.
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Compared with PTQ, QAT generally achieves slightly lower NMSE and better classifier

accuracy because the model is exposed to quantization effects during training. PTQ

remains useful when fast conversion is required, while QAT is more suitable when the

final deployment model must preserve reconstruction quality as much as possible.

Figure 14: Pareto front comparison of FP32, PTQ INT8, and QAT INT8 models. Source:
author’s experiments.

Figure 15: Pareto-optimal FP32, PTQ INT8, and QAT INT8 models identified from the
energy–NMSE analysis. Source: author’s experiments.

Figure 14 shows that several quantized models achieve reconstruction quality comparable

to FP32 models while reducing deployment cost. Among the two quantization methods,

QAT provides a better trade-off between reconstruction quality and estimated total en-

ergy consumption. PTQ offers a simpler and faster optimization path, whereas QAT is

more suitable for final deployment model selection.

Overall, quantization is an effective optimization technique for the proposed TinyML

framework. It reduces numerical precision and memory footprint while maintaining ac-

ceptable reconstruction quality, making the optimized models more suitable for embedded

deployment.
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4.3 Effect of Two-Stage Encoder Weight Pruning

A two-stage encoder weight pruning method was applied to reduce the computational

complexity of the autoencoder. Since the encoder is the component deployed on the

resource-constrained IoT node, pruning was applied only to the encoder weights. The

decoder was kept unchanged and executed on the receiver side.

In the first stage, soft sparsity was introduced during training by adding an L1 regular-

ization term to the reconstruction loss:

L = Lrec + γ∥Wenc∥1, (10)

where Lrec is the reconstruction loss, Wenc denotes the encoder weights, and γ controls

the strength of sparsity regularization. The regularization term encourages less important

weights to move closer to zero during training.

In the second stage, hard-threshold pruning was applied after training. For a pruning

threshold τ , each encoder weight was updated as follows:

W pruned
ij =

Wij, if |Wij| ≥ τ,

0, otherwise.
(11)

Different threshold values were evaluated to study the trade-off between sparsity, re-

construction quality, classifier accuracy, and estimated total energy consumption. The

resulting pruned models were then analyzed using Pareto-front analysis to identify energy-

efficient operating points.

Figure 16 shows the energy–NMSE trade-off for different pruning levels. The results

indicate that moderate pruning can reduce computational cost while maintaining recon-

struction quality close to the baseline models. However, aggressive pruning can remove

important weights and significantly degrade reconstruction quality.

The results also show that not all models respond equally to pruning. Larger models

contain more redundant parameters and can often tolerate pruning better than very

small models. In contrast, highly compressed models already have limited capacity, so

removing additional weights can cause a larger degradation in performance.
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Figure 16: Effect of pruning on estimated total energy consumption and NMSE for all
evaluated models. Source: author’s experiments.

4.4 Pareto Front Analysis

To identify deployment-efficient operating points, Pareto-front analysis was performed

using estimated total energy consumption and NMSE. Each point on the Pareto front rep-

resents a non-dominated solution, meaning that no other model simultaneously achieves

lower energy consumption and lower reconstruction error.

The analysis illustrates the trade-off between reconstruction quality and deployment effi-

ciency. Models located toward the lower-left region of the plot achieve both low estimated

energy consumption and low NMSE, making them attractive candidates for resource-

constrained embedded deployment.

Figure 17: Pareto front of pruned models based on estimated total energy consumption
and NMSE. Source: author’s experiments.

Figure 17 presents the Pareto front of the pruned models. Several pruned models lie

close to the baseline Pareto frontier, indicating that pruning can provide useful energy-
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aware optimization when applied with suitable pruning strength. These models reduce

computation while maintaining sufficient reconstruction quality.

Figure 18: Pareto frontier of pruned models and their corresponding FP32 baseline mod-
els. The black cross markers indicate the original unpruned FP32 baseline models from
which the pruned variants were generated. The star markers indicate pruned candidate
models. Source: author’s experiments.

In Figure 18, the corresponding FP32 baseline models are the original unpruned models

used as reference points before pruning. In this experiment, pruning was applied to

selected FP32 baseline architectures, including model indices 17 and 52. The black cross

markers show these original FP32 models, while the star markers show the pruned variants

obtained after applying different pruning settings. This comparison is used to evaluate

whether pruning can reduce estimated energy consumption while maintaining acceptable

reconstruction quality.

4.5 Evaluation of Combined Optimization Techniques on Selected

FP32 Models

This section evaluates the effect of combined optimization techniques on selected FP32

baseline models. The individual optimization methods, including PTQ, QAT, and prun-

ing, were introduced in Section 2.3 and their experimental implementation was described

in Section 3.5. Therefore, this section focuses only on the comparative results.

The purpose of this experiment was to determine whether applying multiple optimiza-

tion techniques together could improve the energy vs quality trade-off compared with

using a single optimization method alone. Selected FP32 baseline models with different

compression ratios and bottleneck sizes were used as reference models.

The following optimization cases were compared:

48



• Baseline FP32 model,

• Threshold-only pruning,

• Gamma-threshold pruning,

• Random pruning,

• PTQ,

• QAT,

• Pruning followed by dropout-based fine-tuning,

• Pruning followed by PTQ,

• Pruning followed by QAT,

• PTQ followed by pruning.

The notation enc16_8_bn1_cr0.02_lat15 indicates an encoder with 16 filters in the first

convolutional layer, 8 filters in the second convolutional layer, one bottleneck channel, a

compression ratio of 0.02, and a latent vector size of 15.

Figure 19: Total energy versus NMSE comparison of different optimization techniques
applied to the selected FP32 baseline model enc16_8_bn1_cr0.02_lat15. The notation
enc16_8_bn1_cr0.02_lat15 indicates an encoder with 16 filters in the first convolutional
layer, 8 filters in the second convolutional layer, one bottleneck channel, a compression
ratio of 0.02, and a latent vector size of 15.Source: author’s experiments.

Figure 19 shows the effect of applying different optimization techniques to one selected

FP32 baseline model. Points located further to the left indicate lower estimated energy

consumption, while points located lower on the vertical axis indicate lower NMSE and

therefore better reconstruction quality.
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The results show that not all optimization techniques improve the energy–quality trade-

off equally. Some methods reduce energy at the cost of higher reconstruction error,

whereas combined approaches such as pruning followed by quantization provide a more

useful balance between energy reduction and reconstruction quality. This is relevant for

TinyML deployment because both computation cost and memory usage must be reduced

while maintaining acceptable reconstruction quality.

Figure 20: Estimated energy reduction of each optimization method compared with the
selected FP32 baseline model. The notation enc16_8_bn1_cr0.02_lat15 indicates an
encoder with 16 filters in the first convolutional layer, 8 filters in the second convolutional
layer, one bottleneck channel, a compression ratio of 0.02, and a latent vector size of
15.Source: author’s experiments.

Figure 20 compares the estimated energy reduction achieved by each optimization method

relative to the FP32 baseline. Combined techniques such as pruning + QAT, pruning +

PTQ, and PTQ + pruning achieve large energy reductions while maintaining acceptable

reconstruction quality. Random pruning may also reduce energy, but it can increase

NMSE because important weights may be removed without considering their contribution

to reconstruction. Therefore, magnitude-based pruning is more suitable than random

pruning for this application.

Figure 21 shows the same type of combined optimization analysis for a second selected

model. The results again indicate that combined techniques such as pruning + QAT and

pruning + PTQ can reduce estimated energy consumption while maintaining acceptable

reconstruction quality. In contrast, random pruning reduces energy less reliably and can

degrade reconstruction quality.

Figure 22 shows the energy–NMSE gain curve for the selected model. The knee region

of the curve is particularly important because it represents a practical trade-off between

energy saving and reconstruction quality. Operating near this region allows energy con-
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Figure 21: Total energy versus NMSE comparison for a second selected FP32 baseline
model with a different compression ratio. The notation enc16_8_bn1_cr0.01_lat7 in-
dicates an encoder with 16 filters in the first convolutional layer, 8 filters in the second
convolutional layer, one bottleneck channel, a compression ratio of 0.01, and a latent
vector size of 7. Source: author’s experiments.

Figure 22: Total energy versus NMSE gain curve and Pareto front for the selected op-
timized model. The notation enc16_8_bn1_cr0.01_lat7 indicates an encoder with 16
filters in the first convolutional layer, 8 filters in the second convolutional layer, one bot-
tleneck channel, a compression ratio of 0.01, and a latent vector size of 7.Source: author’s
experiments.
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sumption to be reduced without causing excessive degradation in image reconstruction.

Overall, the combined optimization results show that practical TinyML deployment re-

quires more than one optimization criterion. FP32 baseline models and pruned models

provide useful reference points, but INT8-optimized models are more suitable for em-

bedded deployment because they reduce memory requirements and improve hardware

feasibility.

4.6 Energy Consumption Analysis

The analytical energy model used in this thesis was introduced in Section 3.6. In this

study, the analytical energy model assumes a hardware-dependent current coefficient of

µt = 6 µA/MHz and an operating voltage of V = 3.3 V.

Figure 14 illustrates the relationship between total estimated energy consumption and

reconstruction quality. Models with lower reconstruction error generally require larger

network architectures, increasing computation energy. Conversely, highly compressed

models reduce transmission energy but may increase reconstruction error because less

information is preserved in the latent representation.

The results demonstrate that efficient image compression is achieved when the reduction

in transmission energy outweighs the additional computation required for encoder infer-

ence. Consequently, the most suitable deployment models are not necessarily those with

the lowest NMSE, but those that provide a balanced trade-off between reconstruction

quality and total energy consumption.

The impact of different optimization techniques is also evident from the experimental

results. Quantization primarily improves deployment efficiency by reducing numerical

precision and model memory requirements, whereas pruning reduces computational com-

plexity by removing less significant network parameters. The combination of these op-

timization techniques enables the development of lightweight convolutional autoencoder

models that achieve low estimated energy consumption while maintaining acceptable re-

construction quality.

4.7 Hardware Deployment Results

To validate the practical feasibility of the proposed TinyML image compression frame-

work, the selected INT8 convolutional autoencoder encoder was deployed on an Ambiq
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Apollo3 Blue Plus evaluation board using TFLM and the NeuralSPOT software frame-

work. The hardware deployment was performed to verify that the selected model could

execute successfully on a resource-constrained microcontroller while satisfying the mem-

ory and inference-time requirements of the target platform.

Based on the Pareto-front analysis, the QAT model with encoder filters (2,1), bottleneck

dimension 2, compression ratio 0.30, and a latent vector size of 235 (latent c = 235) was

selected for hardware deployment on the Ambiq Apollo3 microcontroller. This model was

chosen because it provided a favorable trade-off between reconstruction quality and total

energy consumption.

Figure 23 illustrates the experimental hardware setup used in this work.

4.7.1 Experimental Setup

The experimental setup consisted of an Ambiq Apollo3 Blue Plus evaluation board con-

nected to a host computer through a SEGGER J-Link debugger. The trained INT8 en-

coder model was embedded into the firmware using TFLM and executed on the Apollo3

microcontroller. During inference, the encoder generated a compressed latent represen-

tation, which was transferred to the host computer for image reconstruction using the

decoder.

Figure 23: Hardware Deployment Set Up ((From Author’s experiments)

Figure 23 shows the experimental hardware deployment setup. The setup consists of an

Ambiq Apollo3 Blue Plus EVB connected to a host computer through a J-Link debugger.
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The encoder model is executed on the microcontroller, while the decoder runs on the host

computer. The host computer also receives the compressed latent vector through serial

communication and reconstructs the transmitted image.

4.7.2 Encoder Inference Time

The inference performance of the selected INT8 encoder was evaluated on the Ambiq

Apollo3 Blue Plus microcontroller. During deployment, only the encoder was executed

on the embedded device, while the decoder was executed on the host computer.

Inference time was measured using the Apollo3 microcontroller’s built-in microsecond

timer. The timer value was recorded immediately before and after the TensorFlow Lite

Micro Invoke() function, and the elapsed execution time was calculated from the differ-

ence between the two measurements.

The average encoder inference time was approximately 11.3 ms. This result demon-

strates that the optimized INT8 convolutional autoencoder can execute efficiently on a

resource-constrained microcontroller while satisfying the latency requirements of embed-

ded TinyML applications.

4.7.3 Raw Image versus Compressed Transmission

The proposed framework transmits the compressed latent representation instead of the

original image. Consequently, the communication payload is significantly reduced.

For the MNIST dataset, each input image contains 28 × 28 pixels, corresponding to

784 bytes of raw image data. After encoding, the latent representation contains only

235 bytes. This reduction in transmitted data decreases both communication time and

transmission energy.

Assuming a packet size of 64 bytes and a transmission time of 6.4 ms per packet, trans-

mitting the original image requires approximately 627.2 ms. In comparison, transmitting

the compressed latent representation requires approximately 192.0 ms. Including the

measured encoder inference time of 11.3 ms, the complete compression-and-transmission

pipeline requires approximately 203.3 ms.

Compared with direct transmission of the raw image, the proposed framework reduces

the overall transmission time by approximately 68.2%.
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4.7.4 Transmission Energy Reduction

Reducing the communication payload also reduces the total energy required for data

transmission. Assuming an average microcontroller power consumption of 6.85 mW,

transmitting the original MNIST image requires approximately 4296.3 µJ. In comparison,

transmitting the compressed latent representation requires approximately 1365.2 µJ.

The proposed framework therefore achieves an estimated energy saving of approximately

2931.1 µJ, corresponding to a reduction of approximately 68.2% compared with trans-

mitting the original image.

Parameter Raw Transmission Compressed Transmission

Image size 784 bytes 235 bytes
Number of packets (64-byte packets) 98 30
Transmission time 627.2 ms 192.0 ms
Encoder inference time – 11.3 ms
Total execution time 627.2 ms 203.3 ms
MCU power 6.85 mW 6.85 mW
Energy consumption 4296.3 µJ 1365.2 µJ
Energy saving – 2931.1 µJ
Relative energy saving – 68.2%

Table 3: Comparison of raw image transmission and the proposed compressed transmis-
sion pipeline.

These results demonstrate that executing a lightweight convolutional encoder on the em-

bedded device and transmitting only the compressed latent representation can substan-

tially reduce communication time and energy consumption. The proposed framework

therefore represents a practical solution for energy-constrained embedded TinyML ap-

plications and provides a foundation for future deployment on energy-harvesting IoT

platforms.

Table3 summarizes the measured deployment results. Although the proposed framework

introduces an encoder inference time of 11.3 ms, transmitting the compressed latent

vector instead of the original image reduces both communication time and total energy

consumption. The complete compressed pipeline requires only 199.3 ms and 1365.2 µJ,

compared with 627.2 ms and 4296.3 µJ for raw image transmission, corresponding to an

energy reduction of approximately 68.2%.
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4.8 Discussion

This study investigated the deployment of lightweight convolutional autoencoders for im-

age compression on resource-constrained embedded platforms. The experimental results

demonstrate that the proposed framework successfully balances reconstruction quality,

deployment efficiency, and estimated energy consumption through systematic model op-

timization and hardware validation.

The design-space exploration revealed that the architecture of the convolutional autoen-

coder has a significant influence on reconstruction quality and deployment cost. Increas-

ing the number of convolutional filters and bottleneck dimensions generally improved

reconstruction performance by reducing the NMSE. However, these improvements were

accompanied by increased computational complexity, larger model sizes, and higher esti-

mated energy consumption. Consequently, selecting an appropriate architecture requires

balancing reconstruction quality against deployment efficiency.

The evaluation of model optimization techniques showed that PTQ, QAT, and magnitude

based pruning each contributed differently to deployment efficiency. PTQ substantially

reduced model size with only a small reduction in reconstruction quality. QAT generally

achieved better reconstruction quality than PTQ while maintaining the benefits of INT8

deployment. Magnitude based pruning reduced computational complexity by removing

less significant network parameters, enabling lower computation energy for appropriately

selected pruning levels.

The combined optimization strategies demonstrated that applying quantization together

with pruning can further improve deployment efficiency. In particular, the QAT based

optimized models provided a favorable balance between reconstruction quality and esti-

mated energy consumption. These models were therefore selected as suitable candidates

for hardware deployment.

The analytical energy evaluation highlighted the importance of jointly considering com-

putation energy and communication energy when designing TinyML image compression

systems. While more complex encoder architectures require additional computation,

transmitting a compact latent representation significantly reduces the communication

payload. The results indicate that the reduction in transmission energy outweighs the

additional computation required by the encoder for the selected deployment models.

Hardware deployment on the Ambiq Apollo3 Blue Plus microcontroller demonstrated
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the practical feasibility of the proposed framework. The selected INT8 encoder executed

successfully within the resource limitations of the embedded platform, achieving an aver-

age inference time of approximately 11.3 ms. Furthermore, transmitting the compressed

latent representation instead of the original image substantially reduced both commu-

nication time and estimated transmission energy, demonstrating the suitability of the

proposed framework for energy-constrained embedded applications.

Although the experimental evaluation is limited to the MNIST dataset and a single em-

bedded platform, the proposed methodology provides a systematic framework for eval-

uating lightweight convolutional autoencoders under resource constraints. Future work

should extend the framework to more complex image datasets, wireless communication

experiments, real-time camera acquisition, and energy-harvesting embedded systems to

further validate its applicability in practical IoT deployments.

57



5 Conclusion and Future Work

5.1 Conclusion

This thesis presented an energy-aware TinyML framework for learned image compression

on resource-constrained embedded devices. The work investigated lightweight convolu-

tional autoencoders and model optimization techniques to reduce communication payload

while maintaining acceptable reconstruction quality.

A design-space exploration of 70 convolutional autoencoder models showed that encoder

architecture, bottleneck size, and latent-vector size strongly affect the trade-off between

reconstruction quality, classifier accuracy, model size, and estimated energy consumption.

Smaller latent representations reduced transmission cost, while larger representations

generally improved reconstruction quality.

The evaluated optimization techniques showed that quantization and pruning can improve

deployment efficiency. Among the tested approaches, QAT provided a suitable balance

between reconstruction quality and INT8 deployment feasibility.

A selected INT8 encoder model was successfully deployed on the Ambiq Apollo3 Blue

Plus microcontroller using TFLM and the neuralSPOT framework. The measured en-

coder inference time was approximately 11.3 ms. The analytical comparison also showed

that transmitting the compressed latent representation can reduce estimated energy con-

sumption compared with raw-image transmission.

Overall, the results demonstrate that learned image compression combined with TinyML

optimization can reduce communication payload and improve deployment efficiency for

resource-constrained IoT devices.

5.2 Future Work

Although the proposed framework demonstrates promising results for deployment-efficient

image compression on resource-constrained embedded systems, several directions remain

for future work.

First, the experimental evaluation in this thesis is limited to the MNIST dataset. Fu-

ture work should evaluate the proposed framework using real sensor images to test its

generalization capability under more realistic visual sensing conditions.

Second, the analytical energy model used in this thesis is based on simplified assumptions.
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These assumptions include a fixed packet payload size, fixed packet transmission time,

constant MCU active power, negligible communication protocol overhead, no packet loss

or retransmission, and no direct measurement of radio transceiver energy. In this thesis,

a fixed packet payload size means that each transmitted packet is assumed to carry

the same amount of data, for example 64 bits per packet. Therefore, the number of

packets is estimated by dividing the total number of transmitted bits by this fixed packet

size. In a real wireless system, however, packet size, protocol overhead, retransmissions,

and radio power consumption may vary depending on the communication technology

and channel conditions. Future studies should validate these analytical estimates using

practical wireless communication technologies such as Bluetooth Low Energy (BLE),

LoRa, Wi-Fi, or other low-power IoT communication protocols.

Third, the current hardware implementation uses preloaded MNIST images as encoder

inputs. Integrating a real-time image sensor would enable end-to-end evaluation of image

acquisition, compression, transmission, and reconstruction on an embedded platform.

Finally, the proposed framework could be extended by incorporating adaptive model

selection, dynamic compression strategies, and energy-aware scheduling. Evaluating the

framework on battery-powered or energy-harvesting embedded platforms would further

demonstrate its suitability for long-term autonomous TinyML systems.
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