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Abstract

The pervasive adoption of Al and AloT applications at the network edge presents both
opportunities and challenges for smart cities. With a focus on the energy efficiency of Al
in urban environments, this paper provides a systematic comparative analysis of repre-
sentative edge hardware platforms, i.e., embedded GPUs, FPGAs, and ultra-low-power
microcontroller-/sensor-class devices, assessing their suitability for Al workloads in IoT-
driven smart city infrastructures. The evaluation, based on direct characterization of diverse
neural networks and relevant datasets, quantifies computational performance and energy
behavior through inference latency, throughput, and energy/per inference measurements.
Across the evaluated network—board pairs, the measured inference power spans several
orders of magnitude, ranging from 0.1-10 mW for ultra-low-power Intelligent Sensor Pro-
cessing Units (ISPUs) up to 1-10 W for embedded GPUs, highlighting the wide design
space between the least and most power-demanding configurations. Results indicate that
embedded GPUs provide a favorable performance-to-power ratio for computationally in-
tensive workloads, while MCU /ISPU-class solutions, despite throughput limitations, offer
compelling advantages in ultra-low-power scenarios when combined with quantization
and pruning, making them well-suited for distributed sensing and actuation typical of
smart city deployments. Overall, this comparative analysis guides hardware selection for
heterogeneous, sustainable Al-enabled urban services.

Keywords: Al-powered smart cities; edge Al resource-efficient Al; Artificial Intelligence of
Things (AloT)

1. Introduction

The rapid convergence of Artificial Intelligence (Al) technologies with an increasingly
heterogeneous ecosystem of computing architectures is enabling new classes of sustainable
smart city solutions [1-4]. As modern Deep Neural Networks (DNNs) continue to grow
in complexity and scale, their widespread integration into urban services has magnified
the need for hardware platforms explicitly engineered to sustain intensive Al workloads
with high efficiency [5]. These workloads now underpin key smart city domains such as
infrastructure supervision, industrial automation, intelligent mobility systems, environmen-
tal sensing, and the expanding Internet of Things (IoT) fabric that fuels city-wide digital
services. In this context, selecting the appropriate hardware platform for Machine Learning
(ML) tasks becomes a decisive factor that directly influences the feasibility, responsiveness,
and energy footprint of smart city deployments.

IoT 2026, 7, 27

https:/ /doi.org/10.3390/i0t7010027


https://crossmark.crossref.org/dialog?doi=10.3390/iot7010027&domain=pdf&date_stamp=2026-03-09
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/iot
https://www.mdpi.com
https://orcid.org/0009-0007-9566-7666
https://orcid.org/0009-0007-4515-9962
https://orcid.org/0000-0002-1685-8736
https://doi.org/10.3390/iot7010027

IoT 2026, 7, 27

20f21

To address all the above challenges, three foundational hardware paradigms have
emerged for Al acceleration, GPUs [6], FPGAs [7-9], and MCUs [10,11], each characterized
by distinctive architectural principles and energy—performance trade-offs.

At the ultra-low-power end, this includes Intelligent Sensor Processing Units (ISPUs),
i.e., sensor-class devices that enable near-sensor inference within mW budgets. Overall, the
appropriate placement of a ML task across these tiers determines the achievable latency—
energy trade-off and the feasibility of large-scale urban deployments.

Through a detailed evaluation of energy consumption per frame, inference latency,
and throughput across representative workloads, it is illustrated how each platform class
aligns with the operational demands of modern IoT-driven smart cities. Comparative
analysis offers practical guidance for designing next-generation Al infrastructures that
meet both performance requirements and sustainability objectives in urban ecosystems.
Despite extensive work on individual tiers, prior smart-city studies rarely provide a unified
evaluation that simultaneously (i) spans MCU, ISPU, FPGA, and GPU targets; (ii) uses the
same task/dataset across platforms; and (iii) reports comparable device-level energy and
performance metrics. The main contributions of this study are as follows:

¢  Comprehensive Energy Profiling for Sustainable Urban Al Deployments: A rigorous
analysis of the power consumption patterns associated with executing diverse ma-
chine learning models on intelligent sensor platforms under representative operating
conditions is provided, supporting the design of energy-efficient IoT-driven smart
city architectures.

*  Cross-Platform Evaluation Framework for Artificial Intelligence of Things (AloT)
Services in Smart Cities: A decision-oriented comparative analysis, mapping het-
erogeneous embedded platforms to workloads of varying complexity, is introduced.
This framework integrates key performance metrics, energy efficiency indicators, and
application-specific suitability factors, delivering practical guidelines for informed
hardware selection in power-sensitive smart city deployments.

*  An ISPU-based Dataset for Gesture Recognition: ISPU_Dat is introduced and publicly
released, a curated gesture-recognition dataset optimized for resource-constrained
embedded systems. This dataset supports reproducible research and benchmarking in
ultra-low-power embedded AloT, enabling the development of sustainable smart city
services that rely on efficient edge intelligence.

2. Related Work

Power and energy for Al inference are increasingly studied as models are increas-
ingly deployed on resource-constrained devices, spanning methodological work on how
to measure energy and how efficiency trends reflect both hardware specialization and
algorithmic improvements [12-14]. At the platform level, benchmarking studies compare
heterogeneous accelerators and deployment metrics across edge systems (including the
impact of quantization and even standby power) [15-17]. Within the FPGA-centric litera-
ture, several works analyze domain-specific deployments or compare FPGAs against GPUs
across workloads, highlighting energy-latency trade-offs but largely concentrating on mid-
to high-power platforms [18-27]. Complementary research targets TinyML and on-sensor
intelligence as well as smart-city application stacks and architectural surveys, typically
focusing on a single device family or a single service rather than cross-tier comparisons on
a common protocol [28-54].

Although the existing literature offers rich insights into energy measurement and
smart city applications, it remains fragmented. This work offers a broad view of smart-
city-relevant domains (Figure 1) and multiple hardware platforms under a unified energy-
profiling methodology.
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Figure 1. Main smart city application domains considered in this work.

To make the comparison across a heterogeneous literature explicit, we adopt five

tags that we use throughout this section and in Table 1: (i) SC (smart-city relevance):

the work is explicitly framed around smart-city use cases or evaluated in an urban do-

main; (ii) Tiny (TinyML): the focus is on microcontroller- or sensor-class deployment;

(iif) HW-div (hardware diversity): results include a comparison across multiple hardware
classes (e.g., MCU/ISPU vs. FPGA vs. embedded GPU) rather than a single device family;
(iv) Energy (energy measurement): the work provides direct energy/power measurements;

(v) Data/Tool: the work releases tooling /benchmarks, enabling reproducible energy pro-

filing. These tags are not meant to rank contributions, but to clarify the coverage of the

design space each work addresses.

Representative contributions are summarized in Table 1 and organized by domain

and focus in the following cross-domain analysis:

1.

Some studies focus on concrete smart city scenarios but typically remain confined to
one application and one or two hardware families. Most mobility- and traffic-oriented
studies [19-22,43-45,47-50,55,56] only use a single class of accelerator (typically a
Field Programmable Gate Array (FPGA) or embedded Graphics Processing Unit
(GPU)). Similarly, works on urban services and environment [26,36,38—40] concentrate
on specific applications (environmental monitoring, waste management, smart grid)
with limited device-level energy analysis. In terms of Table 1, these studies usually
score positively on the SC column but rarely on Tiny or HW-div, as well as on their
energy evaluations.

Other works [28-35] focus on TinyML and on-sensor processing. These contributions
explore low-resource constraints, developing specialized models for Micro Controller
Units (MCUs) and intelligent sensors, and in some cases, address smart city use cases.
However, they generally consider a single device family (one MCU or one ISPU),
do not include custom or consumer accelerators (FPGAs, GPUs) and rarely provide
a public dataset dedicated to sensor-level gesture interaction in urban contexts. In
Table 1, these works populate the Tiny column but leave HW-div and SC often empty.
By contrast, this study benchmarks all platforms side by side and introduces the
ISPU_Dat dataset for embedded gesture recognition in smart city scenarios.
Hardware-centric and algorithmic benchmarks that do not explicitly target urban ap-
plications [10,23,24,27,57]. These works typically score well on Energy and sometimes
on HW-div, but they are not framed around smart city workloads or sensor-to-cloud
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hierarchies. This contribution assesses standard models and toolchains against urban
tasks and edge constraints.

4. Another set of contributions operates at the architectural or conceptual level [46,51-54],
discussing edge Al, cloud—edge orchestration, and energy-aware scheduling in smart
cities and smart grids. They provide valuable system-level perspectives and score
positively in the Data/Tool or SC columns, but they generally treat the underlying
hardware as an abstract resource with fixed power—performance characteristics. In
contrast, this work provides directly measured energy consumption and latency across
a wide range of realistic workloads on heterogeneous platforms, thereby establishing
a quantitative low-level foundation upon which future edge—cloud frameworks can
develop more accurate schedulers and energy models.

Table 1. For each study, papers are grouped into macro-categories and a representative example
is reported. The table uses checkmarks to indicate whether a study (SC) is framed in a smart-city
or closely related urban scenario; (Tiny) targets MCU-class or on-sensor TinyML devices; (HW-div)
performs a cross-platform hardware comparison beyond a single device family; (Energy) reports
device-level power/energy measurements or models; and (Data/Tool) introduces a dataset, benchmark,
or reusable framework. The last column highlights the main differences with respect to this work.

Main Difference vs.

Category Analyzed Works Representative Study SC Tiny HW-Div Energy Data/Tool This Work
[36]: ToT -based App!lcat_wn—fc_)cused IoT
Urban services and environmental monitoring monitoring without ML
. [26,36,38—40,42-49] . v - - - - acceleration and without
environment using low-cost sensors and . -
; : device-level or multi-tier
simple computation nodes. .
energy benchmarking.
[32]: O?‘?SE“SOT gesture Demonstrates true
recognition using on-sensor inference but
) LSM6DSV16X (ISPU) with .
TinyML/on-sensor , - . ; does not compare against
. [24,28-35] decision-tree inference in - v - - - :
processing automotive and GPU_/ FPGA tiers nor )
driving-monitoring provide an open smart-city
gesture dataset.
contexts.
[27]: FPGA-GPU Strong HW /energy
comparison for Al analysis but not
1o = workloads, measuring B _ B contextualized to smart-city
Hardware benchmarks [10,19-25,27,55,57] throughput, flexibility, v v tasks, and no
latency and power sensor-to-cloud tier
consumption. comparison.
[52]: Survey on edge Al, High-level architectural
blockchain and distributed analysis treating hardware
Architectural frameworks [46,51-54] architectures for smart-city v _ _ _ v as abstract resource; no

applications, focusing on
governance and
interoperability.

device-level energy
measurements nor
cross-tier profiling.

The resulting picture is not tied to a single application or device family, but instead
offers a continuous view of energy and latency that can support informed hardware
selection for sustainable Al deployments in smart cities.

This study contributes to the TinyML literature in two ways. First, it conducts a
unified measurement campaign that directly compares ISPU platforms, MCU-class devices
and MCU + NPU systems on-sensor. Secondly, it releases ISPU_Dat, a gesture-recognition
dataset designed for resource-constrained embedded sensing that is used consistently
across platforms. Together, these contributions allow for realistic, quantitative comparisons
of ISPU-class solutions with conventional MCUs and higher-end accelerators in smart
city-relevant tasks.

3. Methodology

This study takes a systematic approach to evaluating energy efficiency across a range
of hardware platforms executing various AloT workloads in smart cities. This methodology
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is designed to ensure accurate power and performance measurements, fair cross-platform
comparisons, consistent results and thorough coverage of typical edge Al applications.

3.1. Overview

A comprehensive set of hardware platform classes, representing the typical categories
of edge Al systems that are relevant to smart city applications, is evaluated. These range
from ultra-low-power microcontrollers to high-performance embedded GPUs:

e Ultra-low-power sensors with integrated Al acceleration (ISPU-class);
*  Mid-range MCU-class devices with a dedicated NPU;

e  High-end MCU-class devices without a dedicated Al accelerator;

e Embedded GPU (eGPU) platforms;

e  FPGA-based heterogeneous platforms.

The specific platforms used for the experiments are detailed in Section 3.6. This se-
lection showcases the entire range of edge Al deployment options, from sensor-level
processing to powerful edge appliances used in urban settings. This enables a thor-
ough analysis of the trade-offs between power and performance across a variety of
computational capabilities.

To represent the diverse requirements of real-world smart city applications that rely on
AloT, classes of models are identified that span various levels of computational complexity.
As illustrated in Figure 1, each workload is mapped to one of four smart city domains:

e Human Activity Recognition (HAR): This encompasses Al workloads for hu-
man-machine interaction and behavioral monitoring in urban environments, such
as gesture recognition and activity classification. These tasks are typically addressed
using traditional machine learning techniques and lightweight convolutional neural
networks, and are well-suited to execution on sensors and ultra-low-power MCUs.

e JoT and Edge Intelligence: This represents generic classification and inference tasks
commonly deployed on distributed IoT nodes, including local event detection and
simple decision making at the edge. This domain is characterized by compact
fully connected or shallow neural network models designed for low-latency and
energy-efficient execution.

e Urban Facility Management: This covers Al-driven analysis for monitoring and
managing urban infrastructure, including asset inspection, land-use analysis, and
infrastructure condition assessment. These applications rely on deeper convolutional
architectures for image classification and semantic segmentation, with moderate to
high computational demands.

¢ Autonomous Driving and Urban Mobility: This includes perception-centric work-
loads supporting intelligent transportation systems, such as object detection, scene
understanding, and traffic analysis. These tasks are typically implemented using
state-of-the-art deep learning models with high computational intensity, stressing
high-performance embedded platforms.

To ensure a meaningful comparison, all workloads are structured as a three-stage
pipeline: pre-processing, inference, and post-processing. This model captures not only the
neural network cost but also the energy overhead of data preparation (e.g., resizing, win-
dowing) and decision logic (e.g., NMS for YOLO, voting for HAR). While high-performance
platforms are dominated by core inference, on constrained MCUs and sensors, pre- and
post-processing can consume a non-negligible fraction of the total energy. Unlike re-
lated works (Table 1) that often focus on single hardware tiers, this unified methodology
allows us to place sensor-level TinyML and high-throughput perception on a common
energy-time plane.
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Production-grade optimizations are applied to ensure fair comparisons: INT8 quan-
tization for MCUs and NPUs; platform-specific compilation (TensorRT for NVIDIA,
STM32Cube.Al for STM32, DPU compiler for Xilinx); utilization of hardware accelera-
tors; and memory-efficient buffer management. These settings reflect realistic deployment
scenarios rather than naive implementations.

To evaluate the power consumption and inference performance of AI models across
different embedded platforms, distinct datasets are selected representing specific ML tasks.
The selection ensures realistic benchmarks ranging from computer vision to sensor-based
gesture recognition.

*  Aeroscapes [58]: This is selected for semantic segmentation tasks using the U-Net
architecture. This dataset consists of aerial imagery captured from drones (5-50 m
altitude) and provides a unique bird’s-eye view of urban environments. It includes an-
notated classes such as vegetation, roads, and vehicles, with a realistic class imbalance
suitable for autonomous navigation scenarios.

*  Microsoft COCO [59]: This is utilized for object detection using the You Only Look
Once (YOLO) architecture. Containing 80 object categories in complex, natural envi-
ronments, COCO serves as a rigorous benchmark for evaluating real-time processing
capabilities and accuracy on embedded hardware.

* ImageNet [60]: Used for image classification benchmarks, ImageNet contains over
one million labeled images across 1000 object categories, and is widely adopted to
assess classification accuracy and performance trade-offs on embedded platforms.

e ISPU_Dat [61]: This is a custom dataset created specifically for gesture recognition
tasks on Intelligent Sensor Processing Unit (ISPU) sensors. Data was collected using
MEMS Studio [62] on an STM32 Nucleo-64 board. It comprises 583 measurements
of three gestures (phone call, wake-up, hello) sampled at 26 Hz. Each sample is a
6-dimensional tuple (3-axis gyroscope and accelerometer), designed to maintain the
low computational footprint required for sensor-edge inference.

Unless otherwise stated, an inference refers to one end-to-end pipeline execution
(covering pre-processing, model execution, and post-processing) for a single input sample.

3.2. Detail of the AI Models

A diverse set of models for MLs and DNNs was selected to evaluate inference perfor-
mance and energy consumption across different hardware platforms. The workloads span
lightweight structured-data methods commonly found in smart city sensing pipelines to
computationally intensive computer vision algorithms, enabling a comprehensive assess-
ment of processing capabilities, acceleration opportunities, and power-efficiency limits.

The quantitative results in terms of INT8 classification and detection accuracy for
each model-dataset pair are summarized in Table 2. For structured-data processing, this
study focused on gesture recognition, employing Decision Trees and Random Forests as
representative models. Decision Trees offer a deterministic, lightweight baseline well-suited
for evaluating low-latency, ultra-low-power behavior on embedded systems. Random
Forests, while more computationally demanding, introduce ensemble-based robustness
and moderate parallelism, providing a more challenging yet realistic test for platforms such
as the STM32N6570-DK.

In the context of visual understanding, the analysis incorporated classification work-
loads using a progression of neural architectures. Dense Neural Networks served as an
intermediate reference bridging traditional ML and deep learning. Convolutional Neu-
ral Networks (CNNSs) [63] were then used to examine each platform’s ability to handle
matrix- and convolution-intensive operations. Among them, VGG16 [64] was selected as
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a standardized benchmark due to its deep, uniform structure, which effectively stresses
computational throughput and energy efficiency on embedded hardware.

Table 2. Accuracy of the evaluated AI models on their reference datasets. All neural network models
are reported after post-training INT8 quantization, whereas Decision Tree and Random Forest results
are reported for their native implementations.

Al Model Input Size Dataset Accuracy (%)
Decision Tree 6 x 26 ISPU_Dat 94.5
Random Forest 6 x 26 ISPU_Dat 96.5
LeNet 6 x 26 ISPU_Dat 99.1
Dense (MLP) 6 % 26 ISPU_Dat 98.8
MobileNetv2 224 x 224 ImageNet 713
ResNet50 224 x 224 ImageNet 759
VGG16 224 x 224 ImageNet 70.9
YOLOvVS 256 x 256 COCO 37.5
YOLOv11 640 x 640 COCO 52.0
U-Net 256 x 256 Aeroscapes 83.5

To evaluate high-complexity inference pipelines, this study included object detection
tasks based on the YOLO architecture, specifically versions v8 and v11. Unlike standard
classifiers, YOLO reformulates detection as a single regression problem, resulting in sig-
nificantly higher computational and memory requirements. These properties make it an
ideal candidate for measuring the benefits of hardware acceleration, such as GPU and
Neural Processing Unit (NPU) support on NVIDIA Jetson platforms, while simultaneously
exposing the challenges faced by resource-constrained microcontrollers.

Finally, the workload suite incorporated semantic segmentation through the U-Net
architecture [65]. Characterized by its symmetric encoder—decoder topology and extensive
use of skip connections, U-Net effectively combines fine-grained spatial features with
high-level semantic information. Its fully convolutional structure supports flexible input
resolutions, making it a meaningful test case for assessing memory throughput, buffer
management, and execution efficiency on a wide range of embedded platforms.

3.3. Execution Framework and Analysis

To ensure consistent evaluations, a standardized workload execution framework
featuring a custom automated harness was developed. This system coordinates input
submission, result capture, and power measurement across controlled environments. The
subsequent analysis focuses on extracting actionable insights through four key steps:

1.  Offset Power Isolation: Separating baseline platform power from dynamic power to
analyze computational efficiency independent of fixed overheads.

2. Energy Metrics: Calculating total energy per inference to provide standardized cross-
platform comparisons.

3. Efficiency Frontier Analysis: Plotting energy consumption against inference time to
identify Pareto-optimal configurations representing the best trade-offs.

4.  Scaling Trends: Examining how energy scaling correlates with computational com-
plexity to reveal architectural patterns.

This integrated approach allows for a rigorous assessment of the power—performance
trade-offs essential for constrained edge Al systems.

To decouple the energy cost of the Al workload from the baseline consumption of
the platform, we apply offset-power isolation. We define the idle (offset) power P,qj as
the average electrical power drawn by the Device Under Test when it is powered on and
in the same operational state used for the experiment (same peripherals enabled, same
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OS/firmware configuration, same power mode), but without executing any AI workload.
In practice, P,qj is measured over a time window Tj4j, before (or after) each run, using the
same runtime configuration and binary as the corresponding workload. As a result, P,qje
can slightly vary across model implementations on the same device (e.g., due to different
libraries, memory allocations, or enabled peripherals).

3.4. Energy Efficiency Metrics

To facilitate meaningful cross-platform comparisons, we report complementary
energy—performance metrics that capture both end-to-end deployment cost and workload-
attributable cost.

*  Energy per inference (end-to-end), Eiot [J/inference]: This is the total energy consumed
to execute one full pipeline run (pre-processing + model execution + post-processing)
for a single input sample, including baseline (idle) power.

*  Energy per inference (active only), E,ct [J/inference]: This is the workload-attributable
energy obtained via offset-power isolation, i.e., the integral of (P(t) — P,gje) over the
execution window.

*  Energy-Delay Product, EDP []J-s]: This is defined as EDP = Eiy - T, where T is the
end-to-end latency of one pipeline run. EDP captures the combined energy and
latency cost and is useful to rank configurations when neither energy nor latency alone
is sufficient.

EDP, together with Eiyt and E,ct, provides a clearer and more decision-oriented view
of the trade-offs relevant to smart-city AloT deployments.

3.5. Measurement Infrastructure

A measurement setup was implemented to obtain power measurements (Figure 2).

v

Power Supply Measurement
(DQ) Tool

Data
Tracer

Figure 2. Schematic representation of the power measurement setup, showing the Device Under Test

(DUT), precise external power measurement instruments, and data acquisition system.

For each DUT, the following measurement protocols are established:

e  External high-precision instrumentation: Calibrated digital multimeters are employed
with pA precision and sampling rates of at least 1 kHz to capture dynamic power
variations. These instruments were positioned between the power supply and DUT to
measure the total power of the system.

*  Onboard telemetry: Where available, platform-specific power monitoring capabilities
(e.g., NVIDIA’s jtop for NVIDIA Jetson platforms, PYNQ power APIs for AMD Zynq
UltraScale+ MPSoC ZCU102) are utilized to provide complementary measurements
and component-level power breakdowns.

e  Temporal correlation: All power measurements were precisely time-synchronized
with workload execution using trigger signals to ensure accurate correlation between
computational phases and power consumption patterns.

e Thermal stabilization: Each platform was allowed to reach thermal equilibrium before
measurement to eliminate warm-up effects and ensure consistent power readings.
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. Statistical rigor: Each measurement was repeated at least 30 times, to ensure statistical
significance and reproducibility.

To capture the complete performance profile of each platform-model combination, the
following metrics were measured:

e Inference latency: This is the time from input submission to result availability, mea-
sured at microsecond resolution.

*  Throughput: This is the number of inferences per second under sustained load.

*  Model accuracy: This is to ensure optimizations do not compromise functional
requirements.

*  Memory utilization: This is the peak and average memory consumption during inference.

Hardware performance counters and platform-specific profiling tools were used to
analyze subsystem activity during inference on platforms with complex System on Chip
(SoC) architectures.

3.6. Analyzed Platforms

Diverse hardware platforms were selected to cover a broad spectrum of computing
paradigms, ranging from ultra-low-power sensor processing to high-performance edge
computing. At the lowest energy tier, the analysis focused on Intelligent Sensor Processing
Units, using the LSM6DSO16IS (mounted on the X-NUCLEO-IKS4A1). This inertial sensor
integrates an ISPU, a programmable core optimized for executing Al algorithms directly
in the digital domain. The ISPU includes separate volatile memory banks for data (8 KB)
and program (32 KB), both loaded at boot via SPL. By processing signals internally with
its 32-bit core before they exit the sensor, it reduces data transfer latency and system-level
energy consumption, making it suitable for always-on battery-powered applications.

To assess model inference on microcontrollers, two complementary approaches were
examined. The STM32N6570-DK represents a next-generation design, embedding an Arm
Cortex-M33 complemented by a dedicated NPU that accelerates quantized 8-bit integer
(INT8) models (converted using STM32Cube.Al). This hardware offloading significantly im-
proves energy efficiency for CNN workloads. In contrast, the STM32H747I-DISCO served
as a high-end general-purpose baseline: in addition to a Cortex-M4 core, its heterogeneous
dual-core architecture relies on a Cortex-M7 microcontroller unit to run inference without
specialized acceleration, highlighting the performance gap relative to NPU-enabled MCUs.

For hardware-accelerated computation, this study employed the Field-Programmable
Gate Array platform Zyng UltraScale+ MPSoC ZCU102. This heterogeneous system com-
bines a Processing System (Quad-core Cortex-A53 APU, Cortex-R5 RPU, and Mali-400
GPU) with Programmable Logic (PL). Deep learning workloads were offloaded to the Xilinx
Deep Learning Processor Unit (DPU), a soft-core IP instantiated in the PL that executes
neural networks (e.g., VGG, YOLO) through a pipelined architecture. The DPU fetches
instructions and data from shared memory and coordinates with the APU via interrupts. In
addition to the ZCU102 evaluation board, we also considered the AMD Kria KV260, which
integrates a Zynq UltraScale+ MPSoC System-on-Module (SOM) and a carrier designed for
vision workloads, offering a practical form factor and a vendor-supported software stack
for DPU-based acceleration.

Finally, high-throughput workloads were benchmarked on Single-Board Computers
from the NVIDIA Jetson family. The NVIDIA Jetson Nano provides an entry-level platform
using a 128-core Maxwell GPU to accelerate FP16 and INTS inference via TensorRT, though
it lacks a dedicated NPU and exhibits moderate idle power consumption. At the high
end, the NVIDIA Jetson AGX Orin offers server-class performance, to 275 Trillions of
Operations Per Second (TOPS), through an Ampere GPU and dedicated Deep Learning
Accelerator (DLA), supporting computationally intensive pipelines such as 3D perception
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and advanced object detection (e.g., YOLOv8/v11). Its substantial processing capabilities
come with higher energy demands (15-60 W), positioning it for grid-powered industrial
and smart infrastructure deployments. TensorRT versions used in our setup were 8.0
for NVIDIA Jetson Nano devices on the JetPack 4.6 stack and 8.5 on Orin platforms on
the JetPack 5.

For platforms equipped with active cooling (AMD Zynq UltraScale+ MPSoC ZCU102,
AMD Kria KV260, NVIDIA Jetson Nano, NVIDIA Jetson AGX Orin), we kept the default
vendor cooling configuration enabled (i.e., stock fan and default fan control policy). No
custom fan curves or forced fan speeds were applied. For the remaining boards (MCU-
class and sensor-class devices), no active or passive cooling solutions are provided by
design, and during our experiments, the devices remained within their normal operating
temperature range; therefore, no additional thermal mitigation was required. The devices
were operated at their default clock settings. The STM32N6570-DK and STM32H7471-
DISCO ran at 800 MHz and 480 MHz, respectively, while the ISPU module was clocked at
10 MHz. On eGPU-based platforms, the NVIDIA Jetson Nano was configured for up to
921 MHz on the GPU and 1.43 GHz on the CPU, and the NVIDIA Jetson AGX Orin for up
to 918 MHz on the GPU and 2.0 GHz on the CPU. For the AMD Zynq UltraScale+ MPSoC
ZCU102, the DPU frequency was set to 300 MHz.

None of the devices was overclocked; all platforms were tested under standard vendor
clock settings. In particular, for the NVIDIA Jetson platforms, we selected the MaxN
power mode and used the standard performance configuration for that mode (no manual
clock offsets).

3.7. Limitations

This study provides a measurement-based comparison across heterogeneous edge
platforms; however, several limitations and scope constraints must be considered when
interpreting the results and transferring them to other deployments.

Results depend on the chosen datasets and tasks (ImageNet, COCO, Aeroscapes, and
ISPU_Dat), which were selected to represent recurring smart-city domains while remaining
executable on highly resource-constrained devices. As a consequence, the measurements
may not capture all data distributions and operational conditions encountered in real urban
deployments (e.g., different sensor modalities, lighting /weather regimes, or domain shifts),
and the reported trends should be interpreted as representative of the evaluated workload
classes rather than universal.

The evaluation benchmarks a fixed set of representative model architectures (e.g.,
MobileNetV2/ResNet50/VGG16, YOLO variants, U-Net, and lightweight HAR models)
in deployment-ready configurations. While quantization and model compression are
considered, the study does not perform an exhaustive exploration of alternative architec-
tures, backbones, or neural architecture search; therefore, different design choices (e.g.,
lighter /heavier backbones, different operator mixes, or altered input resolutions) may shift
the corresponding operating points in the energy-latency space.

The reported measurements focus on inference (end-to-end pipeline execution on
the device) and do not include the energy cost of model training, fine-tuning, or repeated
retraining cycles. Training energy can be significant for large models and may affect
lifecycle sustainability considerations; however, it is orthogonal to the core goal of this
work, which is to characterize deployment-time energy and latency on edge hardware for
smart-city AloT services.
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Cross-platform comparisons necessarily involve different software stacks (e.g., Ten-
sorRT, STM32Cube.Al, FPGA DPU toolchains) and runtime libraries. Although production-
grade optimizations are applied on each platform, differences in kernels, memory manage-
ment, and operator support may influence absolute numbers. The goal is to reflect realistic
deployment practice rather than isolate idealized accelerator-only performance.

Measurements were performed under vendor-default cooling and clock configurations
and repeated to reduce variance. Nevertheless, long-running deployments may exhibit
different behavior due to sustained thermal dynamics, DVFS policies, and background
services (especially on OS-based platforms). Reported figures represent end-to-end device
measurements that include platform baseline power (OS, memory subsystem, and enabled
peripherals). Moreover, networking/communication energy in edge—cloud pipelines is
outside the measurement boundary; deployments where transmission dominates energy
may shift the optimal design point toward more local processing.

4. Results

This section summarizes the main results obtained with the methodology described in
Section 3.1. Rather than enumerating all measured configurations, we highlight recurring
energy-latency patterns that are consistent across workloads and platform classes. These
findings establish the key architectural trade-offs for AloT deployments in smart-city
environments and directly inform the design guidelines in Section 5. A comparative
analysis of performance and energy characteristics across various Al workloads for each
selected platform is presented. Figures 3-5 illustrate key relationships between power
consumption, energy efficiency, and inference time on the evaluated platforms.
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Figure 3. This chart displays neural networks’ baseline (offset) power draw and active power
consumption during execution. The observed flattening is due to the logarithmic scale.

The distribution of power consumption illustrated in Figure 3 reveals significant
variations between hardware platforms. ISPU-class measurements fall in the sub-mW to
few-mW range, making ISPU devices ideal for extremely power-constrained applications.
The STM32N6570-DK and STM32H7471-DISCO platforms occupy the middle ground
(~0.1-1 W), whereas the NVIDIA Jetson family devices and the AMD Zynq UltraScale+
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MPSoC ZCU102 consume significantly more power (~=1-10 W). In particular, baseline offset
power often dominates total consumption, particularly in higher-performance platforms,
indicating that system-level power management is as essential as model optimization for
energy efficiency.
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Figure 4. Breakdown of energy per inference into baseline (idle) and active components. For platforms
with higher idle power, the baseline term can dominate short workloads; for slower workloads, the
idle contribution grows proportionally with execution time.

Figure 4 extends the analysis to the energy consumption per inference frame, which
is the product of power consumption and inference time. This metric provides insight
into the total energy cost of processing a single input, which is particularly relevant for
battery-operated devices. The stark differences between platforms, spanning nine orders of
magnitude from nanojoules to joules, demonstrate how hardware selection significantly
affects energy efficiency. Although more powerful platforms consume more absolute energy,
the relationship between computational capability and energy consumption is not linear
across different hardware architectures, highlighting the importance of platform-specific
optimization strategies.

Figure 5 provides a holistic view of the performance—energy trade-off across all the
platforms and models evaluated. The apparent correlation between inference time and
energy consumption within each platform family establishes distinct performance clusters:
ultra-low-power devices (bottom left), microcontroller-class devices (middle), and high-
performance platforms (top right). This visualization illustrates the efficient frontier system
designers must navigate when selecting hardware platforms for Al applications with
specific latency and power constraints. Table 3 reports the mean end-to-end power, latency,
energy per inference, and EDP for each network-board pair; these values correspond to the
points shown in Figures 3-5.
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Figure 5. Energy per inference versus end-to-end inference time for all evaluated model-platform
pairs. Within each hardware class, points tend to follow characteristic scaling trends; differences
across classes highlight distinct design trade-offs between latency and energy.

Several key insights have emerged from this cross-platform comparison.

*  Platform-specific scaling: Platforms with similar architectural characteristics (e.g.,

ISPU and STM32N6) follow comparable energy—time scaling trends, suggesting that

underlying hardware architecture strongly influences efficiency characteristics.

*  Manufacturing process impact: Older technologies (e.g., STM32H7471-DISCO with
larger process nodes) exhibit significantly higher energy consumption relative to

inference time than newer platforms fabricated with more advanced processes.
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¢  Workload-specific clustering: Different types of neural network workloads (classi-
fication, detection, segmentation) form distinct clusters in the energy-time space,
indicating that task requirements should inform hardware selection.

* Non-linear scaling: The energy cost of reducing inference time increases non-
linearly across all platforms, with diminishing returns as platforms approach their
performance limits.

These observations highlight the importance of aligning hardware capabilities with
application needs in smart city Al deployments. For always-on sensing applications
prioritizing ultra-low-power consumption over latency, ISPU-class devices excel in energy
efficiency. STM32Ne6-class platforms offer a well-balanced solution for moderate power
limitations and performance. NVIDIA Jetson and similar GPU-accelerated systems supply
the computational power required for demanding real-time applications, though they do
incur considerably higher energy usage.

Table 3. Mean power P during the inference window, end-to-end latency T, energy per inference
E (integrated over the same window), and EDP = E - T. Uncertainties report +2¢ over N = 30
repeated runs.

Board Network Power (W) 20p Time (s) 20T Energy (J) EDP (J-s)
Random Forest 3.0x1073 6x107% 50x107 1x107 15x102 75x10°1
LeNet 89x107% 2x107% 51x10% 3x10° 45x107 23x10°10

LSM6DSO16IS Dense 31x107% 6x107% 11x10% 6x10° 14x10°° 1.6x10?
Decision Tree 3.0x10% 5x10% 50x107 1x107 15x10? 75x10°e
Random Forest 27x107! 3x107% 1.0x107® 5x108 20x107 20x10°13
Decision Tree 92x 107! 1x10% 10x107 5x10% 1.0x107 1.0x10

STM32H7471 DISCO LeNet 1.3 x 10° 1x107% 11x107% 6x10° 14x103 1.6x10°°
U-Net 1.3 x 109 1x107% 32x1072 2x107% 42x1072 13x10°3

Dense 1.7 x 10° 9x1072 1.0x107% 2x107° 1.7x10% 1.7x10°°

STM32N6570 DK LeNet 1.6 x 10° 8x1072 60x107% 1x10™° 92x10* 55x1077
Yolov8 1.7 x 10° 9x1072 37x1072 7x10% 62x10"2 23x10°3
Decision Tree 3.0 x 10° 3x107! 20x107® 1x107® 60x10"® 12x10~1

Dense 4.1 x 100 4%x1071 51x107° 1x107® 21x10~* 1.1x10°8

LeNet 4.4 x 100 4x1071 37%x107° 1x107® 16x10~* 59x10~°

Jetson Nano MobileNetv2 3.4 x 10° 3x107! 33x107% 7x107° 11x10"2 37x10°°
Random Forest 2.9 x 10° 3x107! 50x1077 1x10® 14x10"® 70x10"13

ResNet50 3.8 x 100 4x1071 20x107! 4x10% 77x107! 15x107!

U-Net 6.5 x 109 7x107! 32x1072 6x107% 21x10"! 6.7x10°3

Jetson Orin Yolov11 2.0 x 10! 1x10° 25x1072 5x107% 50x107' 12x1072
7CU102 MobileNetv2 1.4 x 10 8x1071 50x10% 5x10% 76x102 38x10*
VGG16 1.2 x 10* 7x1071 1.0x107! 1x10°% 16x10° 1.6x10°!

MobileNetv2 1.2 x 10 6x107! 33x103 3x107% 39x102 13x10°*

KV260 ResNet50 1.3 x 10! 7x1071 11x1072 1x107% 15x10! 1.6x10°3
VGG16 1.4 x 10! 7x1071 51x1072 5x10% 72x10! 37x10°2

5. Guidelines for IoT-Driven Smart City Applications

The experimental results discussed in Section 4 show that the considered platforms
occupy very different regions of the energy-latency design space: from sub-mW-scale
intelligent sensors to multi-watt embedded GPUs. In this section, these measurements
are translated into practical guidelines for smart city designers, explaining how different
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device classes align with different inference tasks and how this addresses the research gap
highlighted in the related work (Table 1).

Following Figure 1, the discussion is structured around four macro-categories of tasks
that are recurrent in urban Al deployments: Human Activity Recognition, IoT and Edge
Intelligence, Urban Facility Management, and Autonomous Driving and Urban Mobility.
Each workload in the benchmark suite (gesture recognition, dense and convolutional
classification, segmentation, detection) can be naturally mapped to one of these domains.

For Human Activity Recognition, such as gesture-based interaction with public termi-
nals, context detection in wearables, or operator monitoring, the picture is clear. Gesture-
recognition models can run at extremely low energy on the ISPU itself, making it the most
natural choice for always-on, battery-powered devices that must react to simple patterns.
When the number of gestures increases, or additional sensing is needed, MCU-class plat-
forms offer a comfortable trade-off: they handle more complex models with very low
latency while still staying within a manageable inference range. In contrast, FPGA and
GPU boards are generally overkill for standalone Human Activity Recognition (HAR) and
only become interesting if HAR is just one component of a larger perception stack already
running on those devices.

The category of IoT and Edge Intelligence covers a broad family of tasks: simple image
or signal classification, anomaly detection on sensor data, and filtering of events before
they are forwarded to the cloud or computed on the edge. Measurements confirm that
MCU+NPU platforms are particularly well-suited for this class of problems: quantized
INT8 models deliver low energy per inference and millisecond latency. Traditional MCU s,
such as STM32HY7, remain viable but incur a penalty in both power consumption and
inference time, especially on older technology nodes. ISPU devices, in this context, are best
used as intelligent front-ends that pre-filter raw signals (for example, activity /no-activity
flags) before they reach the MCU tier.

Urban Facility Management in modern cities increasingly relies on visual analytics:
aerial inspection of roads and buildings, monitoring of vegetation, recognition of urban
assets, smart grids, and even waste classification. Such models stress the memory system
and benefit from higher compute density: this is where embedded GPUs become a natural
choice, provided that the nodes have access to stable power. FPGA-based SoCs, such as
AMD Zynq UltraScale+ MPSoC ZCU102, are attractive when real-time guarantees are
required, or when custom sensor interfaces must be tightly integrated with the accelerator.
MCU+NPU platforms can host compressed or scaled-down variants of these models,
enabling segmentation or classification in very constrained devices at the price of reduced
accuracy or resolution.

Finally, Autonomous Driving and Urban Mobility combines the most demanding
workloads in terms of latency. In order to have low response time, embedded GPUs are
currently the most practical solution at the edge. MCUs and ISPUs, in this picture, play
a complementary role: they are well-suited for local triggering and pre-filtering, which
reduce the duty cycle and bandwidth requirements of the high-end perception nodes.

To make these trends more explicit, Table 4 provides a qualitative summary of how
each platform behaves across the main workloads used in the experimental evaluation:
gesture recognition (HAR), semantic segmentation (U-Net), and object detection (YOLO).
For each platform-workload pair, relative levels of energy per inference and latency are
reported, using three coarse classes: Low (L), Medium (M), and High (H). These labels are
built from the measured power, time, and energy values presented in Section 4, but are
summarized for readability.
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eGPU

In practice, hardware selection can be driven by three inputs: (i) the task class, (ii) the

latency target, and (iii) the available power budget and duty cycle. Figure 6 summarizes
the corresponding decision flow based on the measured operating regions.

Table 4. Qualitative cross-platform comparison across benchmarked workloads. For each platform
and workload, relative energy per inference (E) and latency (T) are reported as L = low, M = medium,
and H = high, relative across platform classes, not within one platform family.

Platform HAR (E/T)

Classification Segmentation Detection

(E/T) (E/T) (E/T)
ISPU (LSM6DS0O161S) L/L L/H - -
STM32N6 (NPU INTS) L/L L/L M/L M/L
STM32H7 (MCU) L/L L/L M/H M/M
ZCU102 (FPGA + DPU) M/M M/M H/M H/M
KV260 (FPGA + DPU) M/M M/M H/M H/M
Jetson Nano (eGPU) M/L H/L H/ L-M H/L
Jetson AGX Orin (eGPU) M/L M/L H/L H/L

N Y
Low Power?

Always-on Inference?

\ 4

MCU
FPGA-based SoCs MCU + NPU ISPU

Figure 6. Measurement-driven deployment flowchart for IoT-driven smart-city applications. Decision
nodes reflect the experimentally observed energy-latency regions and guide the selection of ISPU sen-
sors, MCU (or MCU + NPU) platforms, embedded GPUs, and FPGA SoCs across typical workloads.

The above analysis can be summarized as follows:

Embedded GPUs are the workhorses for heavy visual analytics: when there are multi-
ple high-resolution streams, when latency constraints are tight, and when power is
available, an NVIDIA Jetson-class device is the pragmatic choice. Model compression
and INT8 quantization, as used in the experimental evaluation, are essential to keep
the energy per inference under control.

FPGA-based SoCs are most attractive in urban scenarios where deterministic latency,
custom I/0O, and tight integration with existing hardware pipelines are required
(e.g., sensor interfacing, pre-processing in logic, or co-locating control and inference).
Compared to embedded GPUs, their advantage is often system-level integration and
timing guarantees rather than universally lower end-to-end energy for every model.
MCU and MCU+NPU platforms are the natural backbone of the urban edge. The
results indicate that NPU-accelerated devices, such as the STM32N6, consistently
provide the best balance between latency and energy per inference for these workloads.
At the same time, classic MCUs remain a solid option where NPUs are not yet available.
ISPU-class sensors occupy the extreme low-power end of the spectrum. They are
not substitutes for GPUs or MCUs, but they are uniquely suited to keep a persistent
simple ML task with low footprint in urban scenarios.
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This work provides a coherent measurement-based framework for reasoning about
energy and performance. By grounding smart city tasks in concrete workloads and profiling
them, a technological map is provided to help engineers decide, for each application, in
which region of the hardware space they should operate and how far they can push energy
efficiency without sacrificing functionality.

6. Conclusions and Discussion

Understanding and controlling the energy footprint of Al systems is particularly
challenging in dynamic urban environments [14,66—68], yet it is a prerequisite for designing
sustainable smart city infrastructures. This work presents a horizontal, measurement-
driven approach that systematically profiles the energy-latency behavior of Al workloads
across a spectrum of edge platforms. Across the evaluated configurations, measured
inference power and energy span multiple orders of magnitude, confirming that smart-city
Al deployments cannot be optimized with a one-size-fits-all platform choice and instead
require tier-aware design.

The experimental characterization indicates that GPU-accelerated platforms, such
as NVIDIA Jetson devices, are the most practical option for smart city analytics and Al
services dominated by high-complexity vision pipelines and tight latency constraints.
These systems benefit from mature software stacks (CUDA and TensorRT) and advanced
hardware integration, enabling effective optimizations such as INT8 quantization and
highly parallel kernels. However, their higher baseline power makes them best suited to
grid-powered installations or high-duty-cycle workloads where the platform can be kept
efficiently utilized.

At the opposite end, microcontroller-class devices equipped with dedicated accel-
erators (e.g., MCU+NPU) and ISPU-class sensors enable always-on intelligence under
strict energy budgets. By performing local inference and early filtering, these tiers can
reduce communication and data-movement costs and can trigger higher-end perception
nodes only when needed, thereby lowering the overall duty cycle of energy-hungry plat-
forms. In particular, NPU-enabled MCUs provide a robust “middle tier”: they preserve
millisecond-scale responsiveness while keeping energy per inference compatible with
battery-powered deployments.

Building on these measurements, the task clustering in Figure 1 and the guidelines
in Section 5 translate raw power-latency numbers into design-oriented insights. Rather
than identifying a single “best” platform, the results make explicit that different smart-city
domains map naturally to different hardware tiers, and that optimal deployments often
combine multiple tiers (ISPU/MCU/FPGA/GPU) along the sensor-to-edge continuum.

Several open challenges emerge from the scope constraints discussed in Section 3.7.
First, further standardization of power-profiling methodologies and benchmark suites
for heterogeneous Al systems would strengthen reproducibility and improve cross-study
comparability. Second, the proposed benchmarking workflow is inherently extensible to
emerging platforms (e.g., RISC-V-based accelerators and next-generation NPUs), as it relies
on reproducible workload definitions and system-level energy-latency measurements
that can be replicated across hardware tiers. Third, long-duration evaluations under
realistic thermal and DVFS dynamics remain necessary to quantify drift over multi-hour
deployments, especially on OS-based platforms.

Future research should also extend measurement boundaries beyond on-device infer-
ence to account for sensing and communication energy in end-to-end edge—cloud pipelines,
since networking can dominate energy in some smart city scenarios and may shift the
optimal design point toward more local processing. On the algorithmic side, investigating
the power impact of emerging model families and exploiting dynamic adaptation mech-
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anisms (e.g., early-exit inference, conditional computation, and resolution scaling) can
further improve efficiency under real-world duty cycles. Finally, energy-aware neural
architecture search and training objectives that treat energy, latency, and accuracy as co-
optimized targets remain promising directions toward smarter and greener Al deployments
in urban ecosystems.
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