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Abstract
Offloading computation from edge devices to an edge cloud can
save energy and enhance performance, but managing workloads
from heterogeneous devices such as CPUs, GPUs, and NPUs re-
mains challenging. This paper presents a prototype heterogeneous
offloading system using an FPGA-based edge cloud capable of han-
dling diverse computation models. Using drone computing as a
use-case, we demonstrate that applications such as depth estima-
tion, object detection, and Simultaneous Localization and Mapping
(SLAM) can efficiently offload CPU, GPU, and DSP tasks to a re-
configurable accelerator. By intelligently mapping heterogeneous
kernels to the reconfigurable FPGA edge cloud, our system reduces
drone energy by up to 90%, underscoring its heterogeneous kernel
offloading capability and real-time performance and energy gains.

CCS Concepts
• Computer systems organization→ Cloud computing; Re-
configurable computing; Heterogeneous (hybrid) systems;
Distributed architectures.
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1 Introduction
The proliferation of artificial intelligence (AI)-enabled devices at the
edge has significantly improved various aspects of daily life. Edge
devices, particularly in sensor applications, are becoming increas-
ingly diverse, incorporating components such as CPUs, GPUs, and
neural processing units (NPUs) to meet the computational needs of
edge data processing. These devices are often deployed in mobile
or field environments, where they must operate with limited power
while performing real-time operations. Recently, the emergence
of edge computing has enabled efficient computational offloading
from edge devices to nearby edge clouds [42]. Such computational
offloading allows edge devices to operate at low power, conserv-
ing energy while harnessing the edge cloud’s high-performance
processing capabilities to deliver real-time performance.

While homogeneous edge clouds offer several advantages, includ-
ing: (i) simplified management, reducing the need for specialized
resource allocation and complex load balancing, (ii) cost efficiency,
with standardized hardware reducing maintenance, and support
costs, (iii) easier scalability, with straightforward capacity expansion
and (iv) superior efficiency, where any node can perform any task,
they are ill-suited for executing heterogeneous workloads featuring
diverse computational models. This paper explores an innovative
approach to achieving the benefits of homogeneous edge clouds
while supporting heterogeneous computational requirements. We
propose an FPGA-based edge cloud, where the FPGA fabric can
be dynamically reconfigured to accommodate diverse computa-
tional models and workloads. A reconfigurable edge cloud enables
edge devices to evolve and adapt their architectures over time, while
the edge cloud itself remains adaptable and relevant, thereby in-
creasing its longevity and reducing overall costs. In this work, we
develop and deploy a suite of methods to efficiently map diverse
computational models onto FPGAs in edge cloud nodes. Diverse
computation from CPUs, GPUs, and NPUs is dynamically offloaded
from an edge device to our FPGA-based edge cloud platform.

We prototype the heterogeneous edge device workload using a
Qualcomm Innovators Development Kit (QIDK) [37] that is equipped
with a CPU, GPU and NPU. Edge cloud nodes are modeled using an
AMD ZCU102 [7] platform. Performance on the computing com-
ponents on the QIDK and UltraScale+ programmable logic on the
ZCU102 board are characterized for application kernels and edge
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device energy savings are quantified. The main contributions of
this paper are:

• A homogeneous, dynamically reconfigurable FPGA edge-
cloud that transparently offloads heterogeneous kernels from
CPU/GPU/NPUworkloads while preserving operational sim-
plicity, cost efficiency, and scalable deployment.

• An offloading framework with efficient mapping methodolo-
gies that translate diverse edge-device computations onto
FPGA-based edge-cloud nodes, validated onQualcommQIDK
and AMD ZCU102.

• End-to-end evaluation of heterogeneous computation off-
load, demonstrating considerable performance and energy
gains from (i) direct kernel offloading and (ii) avoiding costly
NPU model reloads through selective offload.

2 Background
The advent of 5G and low-latency communication has enabled
high-speed, seamless data transfer between edge devices and infras-
tructure. Offloading compute-intensive tasks to the edge cloud not
only conserves resources on devices such as drones but also enables
complex computations such as machine learning to be performed
in real-time [23]. Edge computing extends the cloud to the edge of
the network, closer to edge devices. By processing data closer to
the source, the edge cloud reduces latency and enables real-time
applications that were previously not possible. Edge cloud nodes
service requests from edge devices which are diverse in their com-
putational models. Examples of such offloading include volumetric
streaming [29], simultaneous localization and mapping (SLAM) [8],
and federated learning [12]. To accommodate the diversity of edge
workloads, specialized edge cloud nodes mirroring the edge devices
have been proposed [26]. However, this approach is not scalable,
highlighting the need for more flexible and adaptable edge cloud
solutions.

The offloading of computation from edge devices to the edge
cloud has been widely studied [2, 14, 15, 40, 42]. Offloading can
significantly extend the battery life of edge devices while provid-
ing robust computing capabilities for mobile edge devices, such
as drones [17]. The previous studies focus on task partitioning and
offloading strategies based on CPU demand, network demand and
latency requirement, but they do not consider heterogeneity of edge
devices. A diverse array of heterogeneous edge devices is currently
being deployed, each offering distinct computational capabilities.
NVIDIA introduced the Jetson Xavier NX [24, 38], while AMD
provides a range of edge-oriented solutions, including the AMD
EPYC Embedded 3000 Series Processors [21, 32]. Intel’s portfolio
includes the Movidius Vision Processing Units (VPUs) [18, 45],
whereas Qualcomm offers AI accelerator co-processors, such as
the DM.2e [22]. These devices differ significantly in their compu-
tational architectures, making task offloading from edge devices
to edge clouds a complex challenge. Existing research has not fully
explored the intricacies of offloading strategies in heterogeneous edge
environments.

We examine the benefits and challenges of computational offload-
ing from edge devices to the edge cloud using autonomous drones
as a case study. Autonomous drones rely heavily on edge devices for

sensing and actuation [1, 33]. These edge devices often execute spe-
cialized algorithms for real-time data compression, decompression,
and intelligence preprocessing/postprocessing. Further, they must
operate with minimal latency and energy consumption. To meet
these constraints, edge devices used in drones may employ diverse
computational models, necessitating that the edge cloud efficiently
handle offloaded functions across heterogeneous architectures.

FPGA-based edge clouds have significant potential to support the
offloading of varied computational workloads. While FPGA clouds
have been explored in prior research for specific applications [39],
they have mostly been used as co-processing accelerators. Liu et al.
[28] and Biookaghazadeh et al. [9] describe the implementation of
GPU operations on edge cloud FPGAs, although offloading is not
considered. Xu et al. [44] examines the offloading of computer vision
applications executed on CPUs to an edge cloud FPGA. Although
these approaches highlight the promise of edge cloud FPGAs, their
role in facilitating heterogeneous computational offloading remains
largely unexplored. An effort towards this goal [47] introduces an
offload management framework for heterogeneous edge devices.

By abstracting hardware complexities, FPGA application deploy-
ment enhances software programmability, significantly improving
flexibility and accessibility. In our use case, energy efficiency and
performance improvements versus edge devices are considered.
Computations are offloaded to the edge cloud whenever the en-
ergy required for computing exceeds the energy required for com-
munication that is related to offloading and at least a baseline of
performance is maintained. In most cases performance improve-
ment versus edge device execution is also achieved. The decision
to offload can be made using application performance and energy
characterization prior to deployment. This offloading approach
provides an effective energy-saving mechanism [46].

3 System Design
3.1 Overview
Drones have limited energy and onboard computation resources.
Offloading tasks to the edge cloud reduces onboard processing,
thus conserving power for extended flight operations. The edge
cloud in our system provides CPU and programmable logic (PL)
computational support. Soft deep learning processing unit (DPU) in-
tellectual property (IP) cores, instantiated in the PL, enable efficient
execution of machine learning models. The cloud infrastructure
dynamically selects and processes machine learning (ML) tasks.
Non-ML-based image processing applications can be implemented
using customized IP cores that are compiled to bitstreams. The
DPU and other core bitstreams can be swapped into the FPGA on
demand.

3.2 Metrics
Edge device and edge cloud performance and energy metrics de-
termined via profiling enable the system to dynamically select the
application execution environment. These metrics include process-
ing time, the time required to execute a predefined model, and
communication time, the time taken to transmit information from
the edge device to the edge cloud and receive the results back.
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Communication time is defined as:

𝑇𝑐𝑜𝑚𝑚 = 𝑇transmit +𝑇receive (1)

in which 𝑇transmit is the time required to send data from the edge
device to the edge cloud and𝑇receive is the time required to transmit
the processed results back to the edge device. Round trip delay
(RTD) is the total time required to complete the entire computation,
including both communication and execution on the edge cloud, is
given by:

𝑅𝑇𝐷 = 𝑇𝑐𝑜𝑚𝑚 +𝑇𝑐𝑙𝑜𝑢𝑑 (2)
in which 𝑇cloud is the time taken to perform computation on the
edge cloud. Communication time accounts only for the transmission
delays, while RTD includes both transmission and edge cloud’s
processing time, providing a complete measure of the computation
duration.

Processing energy, 𝐸𝑝𝑟𝑜𝑐 , is the average energy consumed by the
edge device to perform computation locally on the edge device. This
energy can largely be saved by offloading computation to the edge
cloud. Round-trip energy consumption is the total energy consumed
on the edge device (when offloaded) for task completion:

𝐸comm = 𝐸transmit + 𝐸receive (3)

in which 𝐸transmit is the energy consumed by the edge device while
transmitting an image to the edge cloud and 𝐸receive is the energy
consumed by the edge device while receiving results from the edge
cloud. Since energy availability on the edge cloud is not considered
a limiting factor, round-trip energy effectively is limited to edge
device communication energy. Our primary focus is on the energy
consumed by the edge device for data transmission and reception.
Edge device energy savings by offloading can be defined as:

𝐸savings = 𝐸proc − 𝐸comm (4)

Throughput is used to measure processing performance for both
local edge device execution and for computation which involves
offloading to the edge cloud.

3.3 Drone Execution Scenarios
In this work, we examine the offloading of multiple kernels that
form the core of typical drone applications. Drone operation broadly
involves two classes of computation: localization and mapping
(SLAM) and object analysis [34]. While these operations may exe-
cute sequentially in structured missions (e.g., navigating toward a
destination followed by object analysis), they can also operate con-
currently or in alternating fashion depending on mission demands,
environmental dynamics, and available resources.

SLAM requires feature analysis during motion. These localiza-
tion and mapping operations form an extensive part of the SLAM
workload, consuming up to 70% of execution time [30]. SLAM typi-
cally operates directly on raw image frames and does not require
input preprocessing, such as image resizing, format conversion, or
normalization, nor output postprocessing. In Section 4.1, two im-
plementations of localization and mapping kernels (Lucas-Kanade
[19] and FAST + BRIEF + Matching [20]) are deployed on drone and
edge cloud platforms allowing for the exploration of offloading.

Drone-based object analysis typically involves both object de-
tection and depth estimation to identify objects and determine an
appropriate response. Algorithms for these operations are often

implemented as machine learning kernels that may execute sequen-
tially, in parallel, or triggered reactively based on mission context
[11]. In Section 3.4, we describe why the use of ML kernels moti-
vates offloading regardless of their execution ordering. Both object
detection and depth estimation require pre- and postprocessing.
Preprocessing typically involves image resizing and pixel format
conversion. Postprocessing involves results filtering.

3.4 Offloading Decisions
CPUs, GPUs, and NPUs have differing strengths in performing
computation. CPUs are best suited to sequential applications while
GPUs are ideal for fine-grained computation with wide parallelism.
NPUs are generally optimized for the high-bandwidth multiply-
accumulate operations typically performed by machine learning
algorithms. We consider two specific offloading cases for our com-
putation kernels:

Case 1: Kernel achieves energy and performance benefits via offload-
ing: Often, there are performance and energy benefits to offloading
kernels to the edge cloud whenever it is available. The FPGA in the
edge cloud provides significant kernel parallelism and specializa-
tion, and the communication time and energy of the edge device
are smaller than executing the kernel locally on the edge device.
In this case, the edge device collects availability information from
the edge cloud and assesses expected throughput and round-trip
energy consumption. If there is a net energy benefit while at least
maintaining a performance baseline, the system transfers the com-
putation, including input data, to the edge cloud for processing. The
software required for computation is available on the edge cloud
and does not need to be transferred.

Case 2: Competing kernels in an application: In some cases, individ-
ual kernel performance and energy savings versus local execution
cannot be obtained by offloading computation to the edge cloud.
However, an application may require the execution of multiple
kernels (e.g., in sequence) that are best suited to a specific unit
(e.g., an NPU). Before an NPU can execute a kernel, it must load a
model, a time-consuming exercise. If the model-loading overhead
is considered, it can be energy and performance effective to offload
the computation for the second NPU kernel rather than loading a
new model into the NPU for every image frame. In this situation,
offloading is also more efficient than executing the second kernel
on the CPU or GPU.

4 Experimental Setup
Our experimental setup includes a QIDK with a Snapdragon Gen2
system-on-chip (SoC), commonly used in drones as the edge de-
vice, and an AMD ZCU102 FPGA card as the edge cloud node. An
overview of this setup is shown in Figure 1.

4.1 Application Kernels and Datasets
Our selected kernels arewidely used in drone applications. YOLOv5s6
[25, 41] is a real-time object detection kernel that is frequently used
in resource-constrained platforms. Monodepth2 [16] is a single-
camera depth estimator with consistent performance, making it
suitable for lightweight drones without stereo hardware. The Lucas-
Kanade method is an optical flow algorithm for motion tracking.
The FAST + BRIEF + Matching algorithm provides feature extraction,
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Figure 1: Experimental setup with QIDK as edge device and ZCU 102 as edge cloud connected via WiFi

description, and matching with low latency and limited memory
requirements. These kernels represent heterogeneous workloads
that can be mapped to CPU, GPU, NPU, and FPGA platforms.

To evaluate the performance of our edge cloud offloading system
across the selected categories, we use benchmark datasets com-
monly used in the research community. For object detection and
depth estimation, images from the COCO test set [27] were used.
This sampling approach ensures a diverse distribution of real-world
conditions, enabling reliable andmeaningful hardware performance
measurements. For Lucas-Kanade optical flow and FAST + BRIEF +
Matching, images from the MPI-Sintel dataset [10] were used.

4.2 Edge Device
The QIDK includes a Snapdragon Gen2 platform with an eight-
core Kyro CPU running an Android Tiramisu OS. The Snapdragon
includes an Adreno 740 GPU [35]. The Qualcomm Snapdragon Neu-
ral Processing SDK (SNPE) uses this GPU path to accelerate deep
learning models when the required operators and INT8 precision
are supported. The Hexagon NPU [36] combines vector extensions
with INT8 and FP16 inference processing.

4.2.1 Software Setup and Energy Profiler. Our QIDK software setup
allows for application development and runtime monitoring of com-
putation time and energy consumption without affecting system
performance. Our edge device uses Termux [43], a Linux terminal
emulator for Android.

For the QIDK, we use the ChargerLAB KM003C [13] to measure
system-level power during local execution. The USB-C supply for

Table 1: Resource utilization, load time, and size for FPGA
bitstreams for the AMD XCZU9EG on the ZCU102. Percent
values indicate utilization of the FPGA logic.

Resource DPU Lucas-Kanade FAST-BRIEF
% % %

LUTs 51,115 18.6 24,477 8.9 97,068 35.4
FFs 97,855 17.9 33,979 6.2 78,796 14.4
BRAM 255 28.0 180 19.7 487 53.4
DSPs 710 28.2 78 3.1 139 5.5
Load time (ms) 354 – 195 – 321 –
Bitstream (MB) 18 – 13 – 17 –

the QIDK is connected through the KM003C, allowing continuous
measurement of voltage, current, and instantaneous power. Mea-
surement data is streamed to an external computer through the
serial interface, sampled at 1 kHz to capture rapid changes during
model execution. Baseline power is recorded with no applications
running, and all kernel and communication power values are com-
puted by subtracting this baseline.

4.3 Edge Cloud
4.3.1 Hardware and Software Setup. The AMD Zynq UltraScale+
MPSoC ZCU102 Evaluation Kit integrates a quad-core ARM Cortex-
A53 processor which runs PetaLinux [6] at 1.2 GHz. The ZCU102
also includes a programmable logic (PL) fabric with 274,080 lookup
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tables (LUTs). In our experimentation, the PL is configured with
several different FPGA bitstreams, including a one-core DPU (for
Yolov5s6 and Monodepth2) which operates at 330 MHz and other
customized circuits synthesized by Vitis v2022.2 (for Lucas-Kanade
and FAST + BRIEF + Matching). As shown in Table 1, these cores
occupy a modest portion of the available FPGA resources.

4.3.2 FPGA Configuration. The PetaLinux OS leverages the PL to
accelerate neural network inference by deploying the DPUCZDX8G
B4096 soft IP core [4]. The DPU supports 8-way pixel and 16-way
input/output channel parallelism, achieves up to 4,096 operations
per clock cycle and implements compute-intensive convolution,
activation, and pooling layers [5]. A53 processor cores manage
orchestration, including memory transfers, task scheduling, and
lightweight pre- and postprocessing. Due to the DPU’s limited
on-chip memory (4.8 MB of BRAM and URAM) [3], model execu-
tion follows a layer-by-layer streaming strategy, where the A53
incrementally loads each layer from DRAM.

Using our streaming model, inference for Yolov5s6 and Mon-
odepth2 begins immediately as new images arrive. The A53 per-
forms image preprocessing such as resizing, normalization, and for-
mat conversion on received images using OpenCV, and stores the
processed data in DRAM for access by the DPU. During inference,
the DPU fetches this data and executes the model sequentially, with
each layer being partially loaded by the A53 into the DPU’s limited
on-chip memory (BRAM/URAM). Once inference is complete, the
DPU writes the output logits to DRAM. These postprocessed values
include pixel coordinates for YOLOv5s6 and 3D depth information
for Monodepth2.

Custom bitstreams for Lucas–Kanade and FAST + BRIEF +Match-
ing feature extraction and matching are also loaded into DRAM at
boot. For Lucas–Kanade, a radius of 10 pixels and 10 iterations is
used. For FAST + BRIEF + Matching, we track 800 keypoints, which
aligns with SLAM settings that operate with several hundred to
about one thousand features per frame [31]. For both Lucas-Kanade
and FAST + BRIEF + Matching kernels, the bitstream is loaded into
the FPGA and data is forwarded to the FPGA from the A53 via the
AXI bus. After processing, data is collected by the A53 and returned
to the edge device.

4.4 Communication Traffic Analysis
We assess communication performance using communication time
for 160 kB COCO and 436 kB MPI-Sintel images and round-trip
energy consumption on the QIDK. Communication traffic exper-
iments were conducted using 5 GHz band (IEEE 802.11ac) com-
munication. The average round-trip delay (RTD) is determined
based on Equation 2. Communication energy consumption for the
QIDK is measured using the KM003C. The energy consumed for
image data transmission (𝐸𝑡𝑟𝑎𝑛𝑠𝑚𝑖𝑡 ) and reception (𝐸𝑟𝑒𝑐𝑒𝑖𝑣𝑒 ) are
calculated separately. The total round-trip energy (RTE) is then
computed by substituting the transmission and reception energy
values into Equation 3.

5 Results
In this section, we compare the throughput for kernels implemented
on both the edge device and offloaded to the edge cloud (Case 1).
Edge device energy savings of offloading is also reported. Then,

we discuss the possibility of offloading kernels to prevent model
reloading on the edge device (Case 2).

5.1 Performance Metrics on Edge Device
Following the procedure outlined in Section 4.2, we measured the
average processing time and average per-image energy consump-
tion for each kernel deployed on the QIDK. These metrics were
computed using the corresponding datasets described in Section 4.1.
These experiments indicate which processing component on the
edge device is best suited to each kernel.

The results in Table 2 list the kernels tested on the QIDK process-
ing components: the Kyro CPU, Adreno GPU, and Hexagon NPU.
The columns labeled𝑇 report the average execution time per image
frame, while 𝐸 captures the corresponding energy consumption.
For ML applications, image pre- and postprocessing steps execute
exclusively on the Kyro CPU and are reported separately in the
caption to isolate inference costs; communication time is excluded
throughout as all measurements reflect local on-device execution.

The data highlights that computation type strongly determines
platform suitability, and no single processor is universally opti-
mal. YOLOv5s6 and Monodepth2 perform best on the NPU, whose
MAC-array architecture is purpose-built for dense tensor opera-
tions such as convolutions and matrix multiplications, enabling
high parallelism and throughput. This sustained utilization trans-
lates to higher instantaneous power draw compared to non-ML
workloads. Lucas-Kanade, dominated by dense pixel-level opera-
tions that map naturally to SIMD (Single Instruction Multiple Data)
execution, achieves highest performance on the GPU. FAST + BRIEF
+ Matching contains a significant sequential and branching compo-
nent — feature detection involves data-dependent control flow —
making it better suited to the multi-core Kyro CPU.

Non-ML kernels draw lower instantaneous power across all plat-
forms. These algorithms are control-flow-heavy, memory-bound,
and less amenable to sustained parallel execution, resulting in lower
processor utilization and reduced dynamic power consumption.
This mismatch is most pronounced on the NPU: Lucas-Kanade
takes over 120 seconds to execute at near-idle power, confirming
that the NPU’s fixed tensor dataflow circuits are largely bypassed
and the workload falls back to a slow software path. In contrast, the
same kernel completes in approximately 169 ms on the GPU, un-
derscoring the importance of correct kernel-to-platform mapping.

Finally, ML kernels carry a one-time model loading overhead,
handled by SNPE prior to first inference. This loading phase, re-
ported separately in the table, involves parsing and compiling the
model into a platform-specific representation and can be substantial
— on the order of hundreds to over a thousand milliseconds. This
motivates the selective offloading strategy discussed in Section 3.4,
where avoiding repeated model reloads constitutes a key source of
energy and latency savings.
5.2 Edge Cloud Performance Evaluation on

ZCU102
To identify if edge cloud processing time is a limiting factor in
round trip delay, we measured the average execution times for each
step in the processing workflow for the four kernels, as described
in Section 4.3, for images already stored on the edge cloud. Our
evaluation considered both single-core DPU implementation for
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Table 2: Model load and processing time/energy on Snapdragon. Average pre-processing time (energy) on the CPU for YOLOv5s6
is 16.42 ms (42.10 mJ). Average pre-processing time (energy) for Monodepth2 is 7.07 ms (31.78 mJ). Average post-processing
time (energy) on the CPU for YOLOv5s6 is 28.65 ms (87.24 mJ). Average post-processing time (energy) for Monodepth2 is 1.71
ms (7.83 mJ).

Application QIDK Execution
CPU GPU NPU

Model Load Avg Proc Model Load Avg Proc Model Load Avg Proc
T (ms) E (mJ) T (ms) E (mJ) T (ms) E (mJ) T (ms) E (mJ) T (ms) E (mJ) T (ms) E (mJ)

YOLOv5s6 159.25 1,165.59 792.77 5,802.62 1,177.49 6,359.37 151.61 818.83 100.48 491.87 24.01 117.52
Monodepth2 172.47 1,156.78 130.30 873.91 613.60 2,422.82 34.36 135.68 27.30 157.36 3.32 19.14
Lucas–Kanade – – 15,096.39 56,617.49 – – 168.73 562.98 – – 120,413.58 45,452.36
FAST + BRIEF – – 46.90 179.53 – – 51.95 190.48 – – 1,315.49 496.55

Table 3: Application performance on ZCU102

Category Application Avg Init
T (ms)

Avg Pre-proc.
T (ms)

Avg Proc.
T (ms)

Avg Post-proc.
T (ms)

Total
T (ms)

Object Detect YOLOv5s6 654.24 15.25 85.95 29.18 130.38
Depth Estimate Monodepth2 422.72 15.42 26.15 1.75 43.32
Motion Track Lucas-Kanade – – 89.90 – 89.90
Feature Extraction and Matching FAST + BRIEF – – 32.70 – 32.70

Table 4: Communication Analysis

Dataset Metric Data Sent Data Received 802.11ac 5GHz

COCO

Communication T (ms)

160kB per image 4kB

9.99
(Ttransmit (ms) + Treceive (ms)) 9.58 + 0.41
Round Trip E (mJ) 13.95
(Etransmit (mJ) + Ereceive (mJ)) 13.32 + 0.63

MPI-Sintel

Communication T (ms)

436kB per image 4kB

12.12
(Ttransmit (ms) + Treceive (ms)) 11.71 + 0.41
Round Trip E (mJ) 16.91
(Etransmit (mJ) + Ereceive (mJ)) 16.28 + 0.63

Table 5: Case 1: End-to-end comparison between QIDK on-device processing and edge-cloud offloading to FPGA for 3,030
frames. Communication costs are included.

Application Platform Total RTD (s) Avg RTD (ms) Speedup Total RTE (J) Avg RTE (mJ) Savings (mJ)
per image per image

Lucas–Kanade QIDK GPU only 520.31 171.72 – 1,907.82 629.64 –
QIDK CPU only 46,269.51 15,270.47 – 173,532.29 57,271.38 –
FPGA (802.11ac) 302.95 99.98 1.72 × 329.45 108.73 520.91

FAST + BRIEF QIDK CPU only 160.82 53.08 – 633.92 209.21 –
QIDK GPU only 193.92 64.01 – 711.05 234.67 –
FPGA (802.11ac) 115.11 37.99 1.40× 125.46 41.40 167.81

YOLOv5s6 and Monodepth2 and synthesized custom RTL circuits
for Lucas-Kanade and FAST and BRIEF. This analysis effectively
represents a best case analysis since image communication time
is not included. The results, summarized in Table 3, indicate the
processing time taken at each execution. For the DPU, the model
requires initialization by loading configuration information into
the core (Avg Init). Initialization is only performed once.

For the ML kernels, the time taken by the A53 to initialize the
xmodel file is substantial, particularly for YOLOv5s6. It can be noted
that model loads are infrequent operations that can be amortized
over many inference operations, a common case for drone usage.
All kernel implementations are faster on the FPGA than their QIDK
counterparts, except for ML kernel implementations on the NPU.
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Table 6: Case 2: End-to-End comparison between QIDK on-device processing and edge cloud offloading to FPGA for YOLOv5s6
for 303 frames. Communication costs are included.

Application Platform Total RTD (s) Avg RTD (ms) Speedup Total RTE (J) Avg RTE (mJ) Savings (mJ)
per image per image

Monodepth2
+ YOLOv5s6

QIDK (NPU+GPU) 66.45 219.31 – 560.98 1,851.41 –
QIDK (NPU+NPU) 259.82 857.50 – 213.72 705.35 –
FPGA (802.11ac) 40.26 132.86 1.65× 62.18 205.21 1,646.20

5.3 Communication Performance Analysis
Communication between the edge device and the edge cloud is a
critical link that enables offloading of computation to the FPGA, al-
lowing the system to benefit from its acceleration capabilities. Two
key factors that influence the feasibility of offloading are communi-
cation latency and the energy required to transmit data. Following
the procedure described in Section 4.4, we measured both the up-
load and download latencies in hardware using our 802.11ac setup.
As shown in Table 4, the communication time for transmitting and
receiving a 160KB image (436KB image) averages 9.99 ms (12.12
ms). Ignoring model load time and instantiation, this value is sig-
nificantly lower than the average processing times of most of the
kernels running on the edge device (Table 2) indicating a potential
benefit of offloading.

5.4 Case 1 Analysis
In this subsection, we consider kernels that can achieve perfor-
mance and energy benefits via offloading. In a set of experiments,
we measured the throughput of the applications offloaded from
the edge device to the edge cloud. Case 1 results, which include
communication time, are shown in Table 5. The Lucas-Kanade and
FAST+BRIEF+Matching kernels always obtain a performance and
energy benefit through offloading to the edge cloud. The results
in the table illustrate total and average end-to-end round trip de-
lays (RTDs) for 3,030 image frames. The 𝑄𝐼𝐷𝐾 values indicate no
offloading, which serves as a baseline. Even considering communi-
cation delays and energy, significant speedup and energy savings
can be achieved versus the best-case QIDK processing component.
Only QIDK energy is considered in these end-to-end experiments.
YOLOv5s6 andMonodepth2 are not considered for offloading in this
context due to their efficient performance and energy consumption
on the QIDK NPU.

5.5 Case 2 Analysis
As noted in Section 3.4, an application may require the execution of
multiple kernels that are best-suited to a specific component (e.g.,
the NPU). Since the NPU requires a model load, which increases
delay and energy, if two kernels are present, performance and
energy benefits can be obtained via offloading. Table 6 examines
the results of offloading YOLOv5s6 for an application in which
Monodepth2 and YOLOv5s6 are executed in sequence for each
image. The QIDK rows do not include offloading, and model loading
is repetitively performed for both kernels for the NPU-only case.
The other QIDK row indicates that a GPU is used for Yolov5s6
instead of the NPU. Average and total performance and energy
results are obtained over 303 image frames. Offloading YOLOv5s6
results in significant performance and energy benefits (over 1.6J
per image versus the NPU+GPU implementation). This represents

a 90% energy reduction versus the NPU+GPU case. RTD values
include communication delays.

5.6 Discussion
Tables 5 and 6 shows the clear benefits of offloading diverse com-
putation from drones to the edge cloud. For computational heavy,
high-accuracy models such as Monodepth2 and YOLOv5s6, energy
savings in processing are significant, even after accounting for com-
munication energy. This illustrates the advantages of offloading
diverse computation from edge devices, not only in terms of energy
efficiency but also in terms of overall performance, making it an
effective strategy for enhancing drone operations and real-time
applications.

6 Conclusion and Future Work
This paper presents a solution for offloading heterogeneous edge
workloads to an FPGA-based edge cloud. In a drone use case, of-
floading from a Qualcomm QIDK to an AMD ZCU102, we reduced
onboard computation energy by about 90% while sustaining real-
time throughput across diverse workloads. Future work includes
smarter workload partitioning, integration with emerging AI accel-
erators, expansion beyond drones, and improved dynamic resource
allocation and communication (e.g., multi-access edge computing)
to enhance performance and robustness, advancing energy-efficient,
high-performance edge/cloud co-managed systems.Multiple drones
with variable communication latencies to multi-node edge clouds
will also be evaluated.
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