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Abstract. The rapid growth of edge devices demands efficient neural
network accelerators for low-latency, energy-efficient AI tasks like object
detection and pose estimation. Despite benefits such as improved pri-
vacy and reduced cloud dependence, edge AI faces challenges including
hardware heterogeneity, resource constraints, and the balance between
real-time performance and accuracy. This paper benchmarks STMicro-
electronics STM32N6, Luxonis OAK-FCC 4P, and SONY IMX500 on
object detection and human pose estimation tasks, evaluating power con-
sumption, inference time, accuracy, and memory usage. Using YOLOv5
and YOLOv8 models in Small and Nano configurations on COCO and
COCO-Pose datasets, the study highlights the trade-offs between effi-
ciency and accuracy. Results show IMX500 leads in inference time and
power efficiency but is limited in memory compared to N6 and OAK-FCC
4P. This study provides a comprehensive evaluation of the suitability of
different hardware architectures, guiding the optimization of lightweight
neural network deployment on resource-constrained platforms.

Keywords: Lightweight Neural Network · Neural Network Accelerators
· Hardware Benchmarking · Low-Power Edge Devices

1 Introduction

The increasing availability of edge devices, e.g., IoT sensors, mobile phones,
drones, has driven the demand for low-latency, efficient neural network acceler-
ators capable of enabling real-time AI tasks such as object detection and pose
estimation [14,38], reducing reliance on cloud computing [37] and addressing
privacy concerns [20]. However, deploying AI on the edge introduces challenges,
notably hardware heterogeneity, limited memory, restricted power budgets, and
the difficulty of achieving high accuracy under strict resource constraints [10,24].
Selecting an appropriate neural accelerator thus requires careful consideration
of these trade-offs. For example, certain edge devices, such as the Luxonis OAK-
FCC 4P board [22], shown in Figure 1a, and STMicroelectronics STM32N6 [32],
shown in Figure 1b, are designed to facilitate efficient processing and minimize
power consumption through the incorporation of dedicated neural compute en-
gines. These devices are designed to handle real-time inference for applications
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(a) Luxonis OAK-FCC 4P (b) STMicroelectronics STM32N6 (c) SONY IMX500

Fig. 1: Target devices selected for benchmarking analysis.

such as object detection and pose estimation while operating within strict power
budgets. In contrast, other devices prioritize on-chip inference, integrating AI
capabilities directly into sensors or compact processors with highly constrained
memory footprints, such as the SONY IMX500 camera [30], shown in Figure 1c.

While the hardware landscape evolves rapidly, there is still limited research
exploring their potential and performances of these platforms on state-of-the-art
neural network architectures. This highlights a critical gap where further inves-
tigation is needed to advance the field and enable more effective and efficient AI
deployment on edge devices. To address this, we benchmark three representative
edge devices, STM32N6, OAK-FCC 4P, and IMX500, on object detection and
human pose estimation using You Only Look Once (YOLO) models (5 and 8
versions, Nano and Small variants), trained on COCO and COCO-Pose datasets.
Key contributions of this paper are:
– Benchmarking accuracy, inference speed, memory usage, and power con-

sumption across the three devices using YOLO.
– Providing an in-depth analysis of quantization challenges in YOLO models

and proposing possible solutions to address them.
– Providing insights for optimizing lightweight neural networks for deployment

on resource-constrained platforms.

2 Related Works

Recent advancements in neural network accelerators have enabled real-time in-
ference on resource-constrained devices, playing a key role in edge computing,
IoT, and autonomous systems [9,24]. Efficient hardware-software co-design has
become critical to balancing latency, energy consumption, and accuracy. AI ac-
celerators can be implemented in several forms:
– Dedicated ASICs: Specialized chips such as Google’s Edge TPU [11] and

Intel’s Movidius Myriad X [15] deliver efficient AI inference.
– FPGAs: Configurable circuits that can be repeatedly programmed after

manufacturing.
– Embedded GPUs: General-purpose processors (e.g., NVIDIA Jetson [26])

able to perform mathematical calculations at high speeds in parallel.
These accelerators are optimized for the execution of parallel AI workloads, in-
cluding matrix multiplication and convolution, which are prevalent operations
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Table 1: Specifications of the Target Edge Devices
(-: values are not available)

Specification OAK-FCC 4P STM32N6 IMX500

Memory Available (MB) 323 64 8
TOPS 1.4 0.6 -
Max Power Consumption (W) 4.5 3 3
W/TOPS 3.2 5 -

Supported Frameworks Caffe, ONNX,
TensorFlow

ONNX,
TensorFlow

PyTorch,
TensorFlow

in deep learning models. The market offers a variety of artificial intelligence ac-
celerators, each with distinct features and performance characteristics. These
accelerators differ in their processing capabilities, power consumption, and sup-
ported AI frameworks, underscoring the importance of selecting an appropriate
accelerator to align with the specific requirements of the edge AI application.

System-on-Chip Application-Specific Integrated Circuits (ASICs) are special-
ized chips designed to perform dedicated tasks, e.g. digital recording [7], video
compression [25], neural network inference [18]. Modern ASICs integrate micro-
processors, memory, and peripherals, earning the term System-on-Chip (SoC).

Nowadays, there has been a growing trend in energy-efficient SoC designs
for real-time neural network models. Among these, Intel’s Movidius Myriad X
Vision Processing Unit (VPU) [29,10] remains a popular benchmark, although
its performance for lightweight object detection and pose estimation remains
underexplored relative to newer platforms like STM32N6 and IMX500.

Lightweight Deep Neural Networks Deep neural networks, powered by GPU
acceleration, have achieved state-of-the-art performance in object detection and
pose estimation [6,28,34,8,33]. Models such as YOLOv4 [6], YOLOv5 [28], and
EfficientDet [34] for object detection, as well as OpenPose [8] and HRNet [33] for
human pose estimation, have exhibited remarkable accuracy and speed when ex-
ecuted on high-performance GPU platforms. However, their high computational
and memory demands limit their deployment on edge devices. To address this,
lightweight networks such as YOLO Nano and YOLO Small offer significant re-
ductions in model size and complexity, enabling real-time inference at the edge.
This decrease in parameters, however, is accompanied by a corresponding de-
cline in accuracy. YOLO Nano models reduce parameters by 80–85% compared
to Medium configurations, with an associated 5–15% accuracy drop; Small mod-
els achieve a 30–40% reduction with a smaller accuracy loss of 3–8%. These
models are designed to balance the reduction of accuracy with the acceleration
of inference and the reduction of memory usage.

3 Methodology
In this section, we first describe the neural network models utilized in our ex-
periments for edge device comparison. We then compare different edge device
architectures, summarized in Table 1.
3.1 YOLO Detection and Pose Models

To evaluate the performance of various accelerators, we employed two key com-
puter vision tasks: object detection and pose estimation, both essential for edge
computing where efficiency and accuracy are critical.
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YOLO was chosen as the reference model due to its state-of-the-art perfor-
mance and broad adoption. We used the PyTorch Ultralytics implementation [16]
for object detection (YOLOv5 and YOLOv8, Nano and Small versions) and for
human pose estimation (YOLOv8 Nano and Small).

Although newer versions of YOLO (e.g., v11, v12) have been recently re-
leased, YOLOv5 and YOLOv8 were preferred due to their extensive validation,
stable performance, and widespread support in real-world applications. Further-
more, they offer a balanced trade-off between model complexity and hardware
compatibility, which is crucial for edge deployment.

The models were resized from 640×640 pixels to 224×224 to fit the mem-
ory constraints of the target devices. All models were retrained from the orig-
inal weights using Adam optimizer [17] with default hyperparameters. Object
detection models were trained using COCO (Common Objects in Context)
dataset [19], while pose estimation models were trained on a specialized ver-
sion, COCO-Pose dataset. All models were successfully deployed, although Non-
Maximum Suppression was performed on a PC due to hardware limitations.

3.2 Edge AI Hardware Platforms Deployment

The following section provides a comprehensive analysis of the hardware com-
ponents of the three devices considered in our study: OAK-FCC 4P, STM32N6,
and IMX500. Additionally, we present an overview of the deployment pipelines
used for the models on each edge device.

Luxonis’ OAK-FCC 4P The OAK-FFC 4P, designed by Luxonis, is a ver-
satile prototyping platform that supports interconnection with various camera
modules. It integrates the Movidius Myriad X SoC inside the Robotics Vision
Core 2 [23], enabling neural network inference directly on the device without ex-
ternal computation. The board features approximately 4.5 W maximum power
consumption, 1.4 TOPS AI capability, and around 323 MB available memory.

The Myriad X VPU includes Intel’s Neural Compute Engine, supporting
Floating Point (FP) 16 and 8-bit fixed-point operations, and enabling deploy-
ment of networks in Caffe [2], TensorFlow [35], and ONNX [27] formats.

Since PyTorch models are not natively supported, a dedicated deployment
pipeline was required. Models were first converted to ONNX format using Py-
Torch tracing, then transformed into a .blob file using Luxonis’ BlobCon-
verter [1]. BlobConverter optimizes the model into OpenVINO IR format and
compiles it into a final BLOB file. The .blob was executed on the device using
Luxonis’ DepthAI Python API [21]. The full pipeline is illustrated in Figure 2a.

STMicroelectronics’ STM32N6 The STM32N6 (N6) is a Microcontroller
Unit (MCU) developed by ST-Microelectronics using 16 nm FFC technology.
Designed for energy-efficient AI and ML workloads in battery-powered devices,
it features an ARM Cortex-M55 CPU operating up to 800 MHz with vector pro-
cessing, TrustZone, and Arm Helium extensions for DSP and ML efficiency [4].
In addition to its CPU, the N6 integrates ATON, a high-performance CNN ac-
celerator comprising convolution, scalar, activation, pooling, and decompression
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(a) OAK-FCC 4P (b) STM32N6 (c) IMX500

Fig. 2: Target devices deployment pipelines.

units, along with a reconfigurable buffer and high-throughput AXI interfaces.
An epoch controller further streamlines configuration and reduces CPU load.

As shown in Figure 2b, the deployment pipeline is similar to that of the
OAK-FCC 4P. Models are converted from PyTorch to ONNX, then statically
quantized to 8-bit precision using the ONNX Runtime library [3] by inserting
QuantizeLinear and DeQuantizeLinear operators. The quantized model is subse-
quently compiled using ST’s STEdgeAI tool, producing a .c file for deployment
and an AI runtime model to verify whether the model was compiled optimally.

SONY IMX500 The IMX500, developed by SONY, is the first Intelligent
Vision Sensor with integrated edge processing. It features a stacked structure
combining an image sensor, high-performance DSP, and on-chip static RAM,
enabling high-speed AI inference without remote server transmission.

In this study, we used the IMX500 integrated with a Raspberry Pi, following
SONY’s documentation for specifications and deployment. While the proces-
sor’s TOPS are unspecified, its power consumption remains below 3 W, with an
available memory of 8 MB. The IMX500 supports models in both TensorFlow
and PyTorch formats. For deployment, PyTorch models were quantized and com-
pressed using Sony’s Model Compression Toolkit (MCT) [31] into ONNX format,
then converted into binary files via the IMX500 Converter [12]. The resulting
.zip file includes a memory report and is packaged into an RPK file using the
IMX500 Packager [13], then deployed to the Raspberry Pi camera through a
Python application. The complete pipeline is shown in Figure 2c.

4 Experiments and Results

In this section, we compare the available memory, model utilization, and hard-
ware limitations of the three edge devices introduced in 3.2, followed by an
evaluation of inference speed for real-time performance. Next, we assess post-
deployment accuracy and possible degradation. Finally, we examine power con-
sumption to evaluate energy efficiency for low-power applications.

4.1 Memory Usage

As shown in 3.2 and 1, memory varies across devices: OAK-FCC 4P supports
up to 323 MB, STM32N6 up to 64 MB, and IMX500 up to 8 MB.

2 shows the memory footprint of YOLO models for object detection and
human pose estimation across the devices. While the initial model sizes are
identical, the deployed memory usage differs due to device-specific compiler op-
timizations and memory management strategies. Notably, Nano models occupy
about 50% of the IMX500’s memory, but only around 6% on STM32N6 and 3%



6 G. Corti et al.

Table 2: Memory usage (MB) of object detection and pose estimation models
evaluated on target devices. ((E): the model exceeds the available memory of the
device; -: the model is not currently capable of being deployed on the device.)

Model OAK-FCC 4P ↓ STM32N6 ↓ IMX500 ↓
Object detection models

YOLO v5 n 7.07 3.86 -
YOLO v5 s 22.54 10.80 -
YOLO v8 n 8.02 4.35 4.05
YOLO v8 s 26.38 12.78 11.87 (E)

Human pose estimation models
YOLO v8 n 8.14 4.41 4.15
YOLO v8 s 27.15 13.24 12.27 (E)

Table 3: Inference times (ms) of object detection and human pose estimation
models evaluated on target devices.

Model OAK-FCC 4P ↓ STM32N6 ↓ IMX500 ↓
Object detection models

YOLO v5 n 22.04 21.14 -
YOLO v5 s 37.67 47.84 -
YOLO v8 n 21.39 23.44 5.55
YOLO v8 s 40.62 54.38 -

Human pose estimation models
YOLO v8 n 22.56 24.39 5.84
YOLO v8 s 43.25 57.64 -

on OAK-FCC 4P. The larger footprint on OAK-FCC 4P is due to its compiler us-
ing FP16 precision, whereas STM32N6 and IMX500 employs int8 quantization.
Overall, the IMX500’s limited memory significantly restricts its ability to deploy
larger models, unlike STM32N6 and OAK-FCC 4P, which comfortably handle
more complex networks. With a maximum of 8 MB of memory, the IMX500 has
already reached 50% of its capacity with YOLO Nano models and this limits
its suitability for deployment of larger models on this hardware. In contrast, the
other two devices can handle larger models with greater ease.

4.2 Inference Time

Given an input image, we compared the inference times by measuring how long
each device takes to produce a prediction for the estimation models. This allows
for an evaluation on their performance and an understanding of their suitability
for running neural models in real-time, key objective for edge accelerators.

Each device is able to measure this value internally and reporting it to the
user. The inference times, in 3, are the results of the arithmetic mean of infer-
ences performed on images from the COCO dataset for object detection and the
COCO-Pose dataset for human pose estimation.

The values calculated on the OAK-FCC 4P and the STM32N6 are highly
similar, differing by only a few milliseconds for the Nano models of both object
detection and human pose estimation. Both devices are capable of running the
models in real-time, achieving an inference rate of approximately 45 Hz.

The YOLO v8 Nano model on IMX500 demonstrates superior performance
in terms of processing speed and frequency when compared to the other two
devices, operating at approximately 200 Hz.
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Table 4: Accuracy results consider-
ing mAP@[0.50:0.95] in percentage of
the two models after conversions into
ONNX and quantized ONNX.
Model PyTorch ↑ ONNX ↑ Quantized ONNX ↑

Object detection models
YOLO v5 n 22.0 21.8 10.6
YOLO v5 s 28.4 28.2 3.07
YOLO v8 n 23.6 23.4 3.5
YOLO v8 s 29.3 29.1 7.9

Human pose estimation models
YOLO v8 n 26.6 26.6 3.1
YOLO v8 s 35.9 35.8 7.2

Table 5: Accuracy results considering
mAP@[0.50:0.95] in percentage of the
two models considering the three solu-
tions for the quantization problem.

Model ONNX ↑
ONNX
norm
bbox ↑

Mixed
quant

ONNX ↑

Quant
ONNX
norm
bbox ↑

Quant
ONNX
multiple
outputs ↑

MCT quant
ONNX
multiple
outputs ↑

Object detection models
YOLO v5 n 21.8 21.5 19.9 17.8 17.2 20.0
YOLO v5 s 28.2 27.9 16.4 9.9 10.2 -
YOLO v8 n 23.4 23.2 14.2 8.6 12.5 22.0
YOLO v8 s 29.1 28.7 17.0 13.4 13.1 -

Human pose estimation models
YOLO v8 n 26.6 26.1 15.8 4.9 14.1 15.6
YOLO v8 s 35.8 35.3 22.3 9.2 20.0 -

4.3 Accuracy Evaluation

During training, model weights and activations are optimized in FP32, whereas
edge accelerators typically operate with lower-precision formats such as inte-
gers. Accurate deployment required the pipelines described in 3.2. To assess
model performance during the deployment process, we measured accuracy after
each conversion step. As reference metric, we used mean Average Precision with
Intersection over Union (IoU) thresholds from 0.50 to 0.95 (mAP@[0.50:0.95])
over the 80 COCO object detection classes and 17 COCO-Pose keypoints.

As discussed in 3.1, all models were retrained using resized inputs due to
hardware memory limitations. Table 4 shows that conversion to ONNX format
preserves accuracy, while quantization with ONNX Runtime causes a signifi-
cant drop of at least 70%. Further investigation revealed that the degradation
was caused by the structure of YOLO model heads. Bounding box coordinates
(ranging from 0 to image size) and confidence scores (ranging from 0 to 1) are
quantized with different scale factors, leading to instability and accuracy loss.

To address the quantization issue, three potential solutions were identified:
– Exclude the final head layers from quantization, keeping them in FP32;
– Remove the final concatenation, separately quantize bounding box and score

outputs;
– Normalize bounding box coordinates relative to the input image size, bring-

ing them into the [0,1] range to stabilize full quantization.
Table 5 summarizes the results of these approaches. The “ONNX norm bbox”

column shows accuracy after normalization, which causes a slight decline due to
internal model changes. The “MCT quant ONNX multiple outputs” column re-
ports results using Sony’s MCT tool, while the other columns correspond to
ONNX Runtime quantization methods. Compared to Table 4, all strategies sig-
nificantly improve quantized model accuracy, bringing it closer to the original
ONNX results. Among them, MCT achieves the highest overall accuracy due
to the internally implemented methods. Particularly, the MCT framework ap-
plies graph optimizations, like BatchNorm folding, during calibration collects
activation statistics for estimating the quantization thresholds for each layers
and finally it uses symmetric quantization with power-of-two thresholds. These
steps help improve accuracy compared to ONNXRuntime, which performs stan-
dard PTQ without advanced graph transformations or threshold tuning. Mixed
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Table 6: Accuracy results consider-
ing mAP@[0.50:0.95] in percentage of
the two models on OAK-FCC 4P and
STM32N6 on the COCO dataset.
Model OAK-FCC 4P ↑ STM32N6

norm bbox ↑
STM32N6

multiple outputs ↑

Object detection models
YOLO v5 n 21.8 17.8 17.2
YOLO v5 s 28.2 9.9 10.2
YOLO v8 n 23.4 8.6 12.5
YOLO v8 s 29.1 13.4 13.1

Human pose estimation models
YOLO v8 n 26.6 4.9 14.1
YOLO v8 s 35.7 9.2 20.0

Table 7: Accuracy results consider-
ing mAP@[0.50:0.95] in percentage of
the two models with multiple out-
puts on OAK-FCC 4P, STM32N6, and
IMX500 on the custom datasets cap-
tured by IMX500.
Model OAK-FCC 4P ↑ STM32N6 ↑ IMX500 ↑

Object detection model
YOLO v8 n 20.3 10.8 19.5

Human pose estimation model
YOLO v8 n 32.8 21.2 22.4

quantization via ONNX Runtime also performs well but is unsuitable for deploy-
ment, as the partially floating-point head cannot run on accelerators. Therefore,
for STM32N6 deployment, full quantization strategies were preferred despite
slightly lower accuracy. The OAK-FCC 4P did not suffer from this issue, as its
compiler maintains high accuracy after quantization, as shown in Table 6. In
contrast, STM32N6 models exhibited noticeable degradation. However, analy-
sis shows the accuracy loss originates from the quantization process, not from
ST’s compiler. We observed a significant drop in accuracy for the YOLOv5s
model when using ONNXRuntime PTQ, which might be related to numerical
instabilities introduced during the quantization process. A deeper analysis of the
quantization methods and their impact on robustness is planned as future work.

IMX500 results are excluded here, as COCO and COCO-Pose datasets could
not be directly transmitted to the Raspberry Pi AI Camera during experiments.
A dedicated validation setup was created for this device: dataset images were
displayed on a screen while a script allowed users to navigate images, capture
them through the IMX500 to account for camera distortions, run inference, and
compute accuracy. Direct comparison with Table 6 is not feasible due to slight
perspective changes. Therefore, models were re-evaluated on OAK-FCC 4P and
STM32N6 using the IMX500-captured dataset. Table 7 presents the results.

For object detection, OAK-FCC 4P and IMX500 show similar performance,
whereas STM32N6 exhibits about half the accuracy, mainly due to the quanti-
zation from FP32 to integer. As shown in Figure 3, N6 predictions display many
errors, while OAK-FCC 4P and IMX500 maintain reliable detections.

For human pose estimation, the gap narrows: STM32N6 and IMX500 achieve
comparable accuracy, although OAK-FCC 4P remains superior with a mAP of
32.8%. As illustrated in Figure 4, OAK-FCC 4P predictions closely match ground
truth, while the other devices show greater keypoint localization errors.

Table 6 and Table 7 further demonstrate that screen characteristics do not
impact the experiments. Indeed, when evaluating the same device on the same
dataset but with different cameras, we observe that the accuracy stays consistent.

4.4 Power Consumption

Power consumption is crucial for battery-powered devices, as excessive energy
usage can compromise integration in IoT applications. Edge AI devices often
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(a) Ground Truth (b) OAK-FCC 4P (c) STM32N6 (d) IMX500

Fig. 3: Qualitative comparison of object detection predictions on the same image
of COCO validation dataset captured by IMX500 on target devices.

(a) Ground Truth (b) OAK-FCC 4P (c) STM32N6 (d) IMX500

Fig. 4: Qualitative comparison of pose estimation predictions on the same image
of COCO-Pose validation dataset captured by IMX500 on target devices.

show significant power variability due to differences in data paths, preprocessing,
peripherals, and firmware, complicating cross-device comparisons [5].

This section analyzes the power usage of the devices listed in Table 1. To
accurately measure inference energy, a GPIO pin was raised at the start and
lowered at the end of inference (when supported), defining a precise measure-
ment window and minimizing signal transition effects [36]. While rise and fall
times were negligible, each device required specific ad-hoc adaptations to enable
reliable power measurements.

IMX500 The IMX500 camera core’s energy consumption was measured, but
firmware limitations prevented using a GPIO signal to isolate inference. Instead,
a MIPI signal, which goes high when the camera is idle, monitored activity. A
220 mΩ shunt resistor was inserted into the core’s supply path to enable precise
oscilloscope measurements. Figure 5c shows the setup diagram.

OAK-FCC 4P For the OAK-FCC 4P, the inference phase was isolated using a
Raspberry Pi GPIO pin, which was set high before inference and reset low after-
ward, according to the block diagram reported in Figure 5a. This was enabled by
modifying the device management script, and the timing accuracy was verified
against the device’s logs. To measure energy consumption, a 33 mΩ resistor was
added in series with the core after cutting the power supply trace, following the
same approach used for the IMX500.

STM32N6 For the STM32N6, the energy consumption of the core was mea-
sured using a GPIO to isolate the inference phase exclusively. The core voltage
was fixed at 900 mV, with clock frequencies set to 1 GHz for the NPU, 800 MHz
for the CPU, 400 MHz for the system RAMs, and 900 MHz for the NPU RAMs.
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(a) OAK-FCC 4P (b) STM32N6 (c) IMX500

Fig. 5: Block diagrams of the measurement setup used for target devices.

Table 8: Energy consumption of the considered target devices for object detection
and human pose estimation models (values in mJ).

Model OAK-FCC 4P ↓ STM32N6 ↓ IMX500 ↓

Object detection models
YOLO v5 n 30.5 6.23 -
YOLO v5 s 49.1 16.62 -
YOLO v8 n 30.22 7.33 4.5
YOLO v8 s 54.03 18.06 -

Human pose estimation models
YOLO v8 n 30.14 7.13 4.7
YOLO v8 s 58.26 19.78 -

To evaluate the performance of the N6, the STM32N6 Discovery kit was config-
ured following the block diagram reported in Figure 5b. Leveraging these config-
urations, the power consumption can be calculated as Pcore (t) = Icore (t) · Vcore
where Icore and Vcore are the core current and the core voltage, respectively.
Since the inference execution time is marked by the trigger signal, the total
energy consumption during inference is computed as Ecore =

∫ t1
t0

Pcore (t) · dt
where t0 and t1 represent the start and end of the trigger signal, respectively,
Ecore represents the total energy consumed by the core over this period. Table 8
shows the measured mJ when different versions of YOLO models are executed.

5 Conclusion and Future Works

This paper presented a benchmarking analysis of lightweight neural network
models, specifically YOLO Nano and Small, on three hardware accelerators:
OAK-FCC 4P, STM32N6, and IMX500. We evaluated key metrics including ac-
curacy, inference speed, memory usage, and power consumption, highlighting
the trade-offs of deploying models on edge devices. The IMX500’s primary lim-
itation is its constrained memory, restricting the use of YOLO Small models,
while STM32N6 and OAK-FCC 4P can accommodate larger networks. In in-
ference speed, IMX500 outperforms the others, while STM32N6 and OAK-FCC
4P deliver real-time performance on Nano models. The OAK-FCC 4P achieves
the highest accuracy, although quantization introduced some degradation. In
terms of energy consumption, IMX500 is the most efficient, followed closely by
STM32N6. Our experiments highlight the need for more robust post-training
quantization tools for the N6 platform, as current ONNXRuntime PTQ meth-
ods can significantly impact model accuracy, especially for complex architectures.
Future work will focus on improving quantization techniques to exploit hardware
capabilities and expanding the benchmarking to new emerging accelerators.
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