
XiNet-pose: Extremely lightweight pose detection
for microcontrollers

Alberto Ancilotto, Francesco Paissan, Elisabetta Farella
aancilotto@fbk.eu, fpaissan@fbk.eu, efarella@fbk.eu

E3DA Unit, Digital Society center, Fondazione Bruno Kessler (FBK), Trento, Italy

Abstract—Accurate human body keypoint detection is crucial
in fields like medicine, entertainment, and VR. However, it
often demands complex neural networks best suited for high-
compute environments. This work instead presents a keypoint
detection approach targeting embedded devices with very low
computational resources, such as microcontrollers. The proposed
end-to-end solution is based on the development and optimization
of each component of a neural network specifically designed for
highly constrained devices. Our methodology works top-down,
from object to keypoint detection, unlike alternative bottom-up
approaches relying instead on complex decoding algorithms or
additional processing steps. The proposed network is optimized to
ensure maximum compatibility with different embedded runtimes
by making use of commonly used operators. We demonstrate the
viability of our approach using an STM32H7 microcontroller with
2MB of Flash and 1MB of RAM. We achieve a maximum mAP
of 57.9 without relying on external RAM, and good detection
performance at latencies down to 133ms per frame.

Index Terms—human pose estimation, pose tracking, realtime,
embedded devices, microcontrollers

I. INTRODUCTION

Human pose estimation refers to estimating the position of
various keypoints of the human body (such as shoulders, hands,
and feet) from an image or video input stream. Accurate pose
detection of the human body from images has important uses in
many fields, such as medicine, entertainment, human-computer
interaction, virtual reality, and countless others [1], [2], [4], [7],
[8]. Though the problem of human body keypoint detection is
simple to understand, effective and accurate solutions usually
rely on complex neural networks and, therefore, are generally
suited to environments with vast computational capabilities,
such as workstations. Bringing these approaches to smaller,
low-power devices can enable analysis in devices such as
smartphones, action cameras, and other consumer devices.
Further reducing the complexity of these approaches may also
allow these solutions to be embedded directly within video
sensors, removing the need for an extra processor for video
analysis and leading to even more significant reductions in
system complexity and power demands. In this work, we build
on recent developments in scalable backbones. The MobileNet
family [9], [10], [20], for example, focuses on using depthwise
convolutions and inverted residual blocks to significantly reduce
the number of parameters; ShuffleNet [23] and ShuffleNetV2
[17] rely on pointwise convolutions and channel shuffle to
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Fig. 1. Examples of pose detections with the proposed approach.

reduce computation cost while maintaining accuracy; Efficient-
Net [21] and EfficientNetV2 [22] use instead an advanced
network scaling principle coupled with a novel architecture
search algorithm. PhiNets [18] and its improved version XiNets
[3] push the computational load reduction even further by
adopting a hardware-aware scaling approach. Starting from
scalable solutions tailored explicitly for very tiny embedded
devices such as microcontrollers [3], [15], [18], we develop
our keypoint detector with an approach similar to that used by
YoloV8-pose [12]. Unlike competing methods, this solves the
pose detection problem as an extension of the object detection
task, well addressed in computer vision.

Our solution is novel in its end-to-end nature, requiring no
supplementary processing after the neural network execution,
while being applicable to small embedded devices and mi-
crocontrollers. In the following, we will first review related
works, particularly focusing on keypoint detection and literature
approaches to reduce complexity. Afterwards, we introduce
the methodology adopted, demonstrating the advantage of a
bottom-up approach combined with a scalable backbone. We
then analyze the different components that make up a pose
detection network and optimize them one by one for maximum
efficiency on MCU. Finally, we evaluate our network against
other equivalent solutions and verify the actual on-device
performance.
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Fig. 2. Structure of the reference network in [12].

II. RELATED WORKS

The pose detection task has recently been addressed through
solutions based on deep convolutional neural networks [4],
[7], [13]. However, these approaches often make use of highly
complex networks to achieve satisfactory performance.

Lately, some studies have focused on reducing the com-
plexity of these methods, [8], [24] with the goal of lowering
latency due to processing. Nevertheless, these approaches still
require far more operations than what is possible in real-time
with a microcontroller. Moreover, they often rely on depthwise
convolutional blocks, which are inefficient when executed on
embedded devices [3].

Two different approaches for solving the pose detection task
exist in the literature:

• Bottom-up, where various target keypoints are identified
(usually by heatmaps) and combined into a number of
target subjects. The advantage is the use of simpler
backbones, but the complexity augments in reconstructing
targets from the set of detected keypoints.

• Top-down, where the keypoint detection problem is solved
as an extension of the object detection task. Given an
input frame, several objects within it are detected, and
a sequence of keypoints is associated with each. The
consequence is that more complex networks are required.
Still, subsequent processing is avoided, as the set of output
keypoints is already associated with a target.

A further limitation of many low-complexity convolutional
methods is their reliance on bottom-up strategies and complex
decoding mechanisms. While this allows simpler networks for
keypoint localization, the performance greatly depends on the
following steps for decoding the heatmap outputs.

A notable example of these latter is PifPaf [14]. PifPaf is
based on lightweight architectures such as ShuffleNetV2 [17]
and MobileNetV3 [9], and it is one of the lightest and most
efficient pose detectors in the literature. However, the output
of the network, consisting of a collection of heatmaps and
composite fields for keypoint association, requires a decoding
algorithm that may come to demand more operations than the
detection network itself. In addition, the performance of the
approach depends heavily on both the network and the decoding
algorithm, and reducing either of the two parts causes large
performance drops.

Another work demonstrating a significant reduction in pa-
rameters and operations for the pose detection task is presented

in [24]. This work follows the bottom-up logic. Although
lightweight, the network proposed presents some critical issues
for execution on microcontrollers, such as the use of inefficient
operations (depthwise separable convolutions) or computation
steps with massive usage of RAM (multi-scale coordinate
attention, group deconvolution). RAM can be a limited resource
in many embedded devices.

III. METHODOLOGY

A. Yolo for pose detection

Yolo-pose [12] is a deep learning model that can estimate the
pose of people in images or videos. It is a modified version of
the Yolo object detection model, specifically adapted for pose
estimation.

The operation of the network is similar to that of Yolo,
which is used for object detection. However, while the object
detector outputs a pair of points [(x1, y1), (x2, y2)] to identify a
bounding box around the detected object, Yolo-pose identifies
17 different keypoints. Figure 2 shows the basic network
structure.

As for other detectors in the Yolo family, Yolo-pose relies
on a bottom-up approach. Each image is run only once through
the network, and in a single inference, multiple objects can be
detected, each already associated with its set of keypoints. No
subsequent processing is required, unlike approaches relying
on heatmaps or fields.

Because of its simplicity and low computational complexity,
we used this as a baseline to develop our pose detector.

B. Xinet scalable backbone

We based our feature extractor backbone on a scalable
architecture of the XiNet family [3]. This network has demon-
strated exemplary performance when coupled with the Yolo
detection head and is easily adaptable to different hardware
architectures. It consists of convolutional blocks designed to
optimize efficiency in on-device execution while ensuring max-
imum compatibility with other runtimes. These blocks use
significantly fewer operations than a classical 2D convolution.
Furthermore, they allow for easy tuning of the number of
parameters, operations, and RAM usage by adjusting the α,
β, and γ hyperparameters. This ensures that the network can
be tailored to the convolutional capabilities of the target hard-
ware platform. The optimal utilization of platform resources
is guaranteed by the scaling algorithm presented in [3], [18],
called Hardware Aware Scaling (HAS), which allows one-shot


