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REAL-TIME POSE EVALUATION USING AN OPTIMIZED BLAZEPOSE-LITE MODEL FOR LOW-
RESOURCE DEVICES

TOMEH PECYPCTbI KYPBLIFBLJIAP YIIIH OHTAMJIAHIBIPBLIFAH BLAZEPOSE-LITE MOJIEJITHE
HETT3JIEJITEH HAFTBI3 YAKBITTA IIO3AHBI BAFTAJIAY ) KYHUECI

CUCTEMA OILIEHKH ITO3bI B PEAJIbHOM BPEMEHU HA OCHOBE OIITUMUW3UPOBAHHOM
MOJIEJIM BLAZEPOSE-LITE JIJI1 HUI3KOPECYPCHbBIX YCTPOWCTB

Abstract. This study proposes an optimized real-time pose evaluation system based on the BlazePose-Lite model,
specifically adapted for low-resource devices such as smartphones, Raspberry Pi boards, and low-end laptops. The
relevance of this research is driven by the growing need for real-time human pose estimation in fitness applications,
rehabilitation systems, mobile health monitoring, and embedded Al solutions, where computational resources are often
limited. The primary aim of the study is to enhance the inference speed of BlazePose-Lite while preserving pose-
estimation accuracy. The methodology includes a multi-stage optimization pipeline: TensorFlow Lite conversion using
FP16 and INT8 quantization, structured model pruning, graph simplification through operator fusion, and temporal
smoothing via Exponential Moving Average and Kalman filtering. The optimized model was evaluated on several low-
resource platforms, where performance was measured using FPS, latency, CPU load, RAM usage, and keypoint
accuracy metrics (PCK and RMSE). Experimental results show that INT8-quantized BlazePose-Lite achieves a 2 x—3 %
increase in inference speed, reaching up to 26-32 FPS on mid-range smartphones and 12-16 FPS on Raspberry Pi 4,
while model size was reduced by up to 75%. Accuracy loss remains within 1-3%, making the optimized model suitable
for real-time applications. The practical significance of the study lies in enabling robust, efficient, and deployable
human pose-tracking systems for loT fitness devices, mobile coaching applications, and embedded smart health
platforms.

Keywords: BlazePose-Lite, real-time pose estimation, low-resource devices, quantization, pruning, TensorFlow
Lite, edge Al.

Anoamna. Byn zepmmey momen pecypcmol Kypuvligvliapea cmapmeonoap, Raspberry Pi maxwanapol sicane
OHIMOLNic] meMeH HOymOYKmep cusikmol niam@opmanapea apuaiivl odetiimoenzen BlazePose-Lite mooenine necizoencen
OHMAILIAHOBIPLLIEAH HAKMbL YAKLIMMbIK, NO3aHbl OA2Anay Hcyuecin yevinadvl. Mynoai 3epmmeyoiy e3ekminiei (pumuec
KOCHIMUANAPBIHOG, Peabunumayusanvly  Jcylenepoe, MOOUTbOI  OeHCAYIblK MOHUMOPUHZIHOE JiCaHe eHOIpiieeH
JrcacanOvl uHmMeneKm weuinoepinde HaKmvl YaKblmmolK, a0dm HO3ACbIH AHLIKMAYEA 0e2el CYPAHbICMbIY apmybIMeH
mycindipineoi, cebebdi 6yn canranrapoa ecenmey pecypcmapul kobine wiekmeyii 6onaodvl. 3epmmeyoiy Heeizei MaKcamol
— BlazePose-Lite moodeniniy 0andicin cakmaii omwipvin, owuwvly Goadxcam (inference) HcolI0AMObIZbIH APIIMBIDY.
¥cvinvinean adicmeme xonkezenoi oymaiianovipyoarn mypaovi: FP16 sicone INTS keanmmanyvin Ko10ana omvipwin
TensorFlow Lite gopmamvina mypaenoipy, KYpwlibiMOblK MO0enbli KbipKy (pruning), onepamoprapovl Oipikmipy
apKbLIbL epagmol Jiceninidemy, COHOAU-aK yaKblmua mezicmey 20icmepi — IKCNOHEHYUANObL HCHLINHCLIMATIbL OPMAULd
(EMA) sicone Kanman cyseici. Oymaiinanovipulieah mMooens bipHeuie momeH pecypcmol niamgopmanapoa mekcepinoi.
Ouimoinix FPS, namenmminix, CPU ocykmemeci, RAM kondanwinyvl sicone nezizei nykmenepoiy 0anodiei (PCK ocone
RMSE) botivinwa 6azananowi. Ixcnepumenmmix womuoicenep INTS8-keanmmansan BlazePose-Lite moodeniniy bondicam
2HCLLIOAMOBIEbIH 2—3 ecece apmmulpamulHblH Kopcemmi. opma Oeneelini cmapmeonoapoa 26-32 FPS-xa oeiiin, an
Raspberry Pi 4 xypuinzvicoinoa 12-16 FPS-xa Oeiiin ocemedi. Modenv xenemi 75%-ea Oetiin azauiovl. [[an0ix
arcoeanmywt 1-3% wamacvinoa eana, OY1 oymMalianobIPLLIZAH MOOEIbOi HAKMbL YAKLIMMbIK KOIOAHOAAAD YLIH MOIbIK
alcapamovt emedi.3epmmeyoiy NPaKmukanvly maywizvl loT-pumnec Kypulazbiiapsl, MOOUILOI KOYHUUHE KOCBIMIUALADb
JlcoHe eHOIpineen aKbliObl OEHCAYIbIK NAAM@POPMANapsbl YuwliH CeHiMoi, muimoi dicoHe KOA0AHYed OQublH NO3AHDb
baxwvliay Jcytienepin icke acvlpyea MyMKIiHOIK bepyinoe.
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Heziszi cozoep: BlazePose-Lite, naxmol yakeimmulx nosa 6azanay, momen pecypcmol KYpoligbliap, KeaHmmay,
pruning, TensorFlow Lite, edge Al.

Annomayusn. B dannom uccredosanuu npeonazaemcs onmuMuUpPOBAHHAsL CUCIEMA OYEHKU NO3bl 8 PealbHOM
epemenu Ha ochoge moodeau BlazePose-Lite, cneyuanvho adanmupogaHHou Osi YCMPOUCMSE ¢ 02PAHUYEHHbIMU
BbIYUCTUMENbHBIMU PEeCYPCamu, MaKux Kax cmapm@onsi, niamvl Raspberry Pi u noymoéyku Hauaibhozo yposHsi.
Axmyanvnocms pabomul 00ycnoeiena pacmywel HOMpeOHOCMbIO 8 CUCeMax OnpedeieHusi No3bl Yen06eKd 6
peanvHom epemenu 01 (YUmHec-npuiIodceHutl, peadurumayuOHHbIX KOMIIEKCO8, MOOUTLHO20 MOHUMOPUHEA 300P08bS
u ecmpoennvix Al-pewenuil, 20e gvlyuciumenvhvlie MOWHOCMU 3a4acmyio oepanudensvl. OCHOBHAS Yelb UCCTeO08ANUS
— nosvicums ckopocmuv ungeperca mooenu BlazePose-Lite npu coxpanenuu mounocmu oyeHku nosvl. Memodonozus
BKIIOYAEm MHO20IMANHLII npoyecc onmumuzayuu. kongepmayuto 8 TensorFlow Lite ¢ ucnonv3o8anuem K8aHmMo8aHus
FP16 u INTS, cmpykmypHuyro obpe3ky moodenu (pruning), YnpoujeHue 6bI4UCIUMENbHO20 2padha 3a CHém CAUsHUA
onepamopos, a MmaKice peMeHHOe C2NAXCUBAHUEe C NPUMEHEeHUeM IKCNOHEHYUANIbHO20 CKOb3Aue2o cpedtezo (EMA) u
Gurempa Kaimana. Onmumusuposannas mooeisb 0blid NpoOmeCcmupos8ana HA HEeCKOIbKUX YCMPOUCMEAx C HUSKUMU
pecypcamu. IIpouzgooumenvHocms oyeHudanacy no creoyowum mempuram: FPS, 3adepacka (latency), 3aepyska CPU,
ucnonvzoganue RAM, a makoce mounocmuvie nokazamenu xuoyesvix mouex (PCK u RMSE). DxcnepumenmanvHule
pesynomamul  noxasaiu, umo INTS-xeanmosannas eepcus BlazePose-Lite obecneuusaem yseenuuenue cKOpoCcmu
ungepenca 6 2-3 pasa, docmueasn 26—32 FPS na cmapmgponax cpeoneeo ypoeusi u 12—16 FPS na Raspberry Pi 4, npu
omom pasmep Mmooeau ymeuvuwiuncsi 0o 75%. Illomepsa moynocmu cocmasisiem 6ceeo 1-3%, umo Oenaem
ONMUMUSUPOBAHHYIO MOOeNb NPUeOOHOU OISl peanbHbiX npunodcenutl. Ilpaxmuueckas 3HAYUMOCMb UCCTIE008AHUSA
3akmouaemcst 8 obecneyeHuu co30amusi HA0ENCHLIX, IPHEKMUBHBIX U BHEOPAEMbIX CUCMEM OMCIEIHCUBAHUS NO3bl
yenosexa 0na loT-pumnec-ycmpoiicma, MOOUNLHBIX KOYUUH2OBbIX NPUTLOHCEHUU U BCTNPOEHHBIX HAAMBOPM YMHO20
30pasooOXpaHeHusL.

Knwuesvie cnosa: BlazePose-Lite, oyenxa noswl 6 peanbHOM 6peMeHU, HUKOPECYPCHble YCMpOUCcmada,
keanmosanue, pruning, TensorFlow Lite, edge Al

Introduction

Real-time human pose estimation has become a central task in computer vision, with growing
relevance in areas such as fitness monitoring, rehabilitation systems, human—computer interaction,
and mobile health applications. In these systems, human motion is represented through anatomical
keypoints forming a skeletal structure, which enables quantitative analysis of posture, joint angles,
and movement dynamics. The reliability of such applications depends not only on the accuracy of
keypoint localization but also on the responsiveness of the entire estimation pipeline.

Over the past decade, deep learning approaches have significantly advanced pose estimation
performance. Architectures like OpenPose and HRNet, along with other multi-stage convolutional
models, achieve high accuracy on benchmark datasets but demand substantial computational
resources. Since these models are typically designed for GPU-equipped environments, they are
unsuitable for low-resource devices such as budget smartphones, single-board computers, and
embedded 10T platforms. Consequently, deploying pose estimation systems in constrained hardware
settings remains a challenge.

The rise of edge Al has intensified the need for lightweight models capable of running in real

time on CPU-only hardware. In practical applications—such as fitness coaching or rehabilitation
feedback—Ilow latency and stable frame rates often matter more than achieving state-of-the-art
benchmark accuracy. Excessive computational load can reduce frame rates, increase energy
consumption, and cause thermal throttling, all of which degrade user experience.
BlazePose, introduced within the MediaPipe framework, marked an important step toward efficient
on-device pose estimation. Its lightweight variant, BlazePose-Lite, reduces computational
complexity through architectural simplifications such as depthwise separable convolutions and
narrower channel widths. While BlazePose-Lite performs well on mid-range mobile devices,
observations show that its default configuration may still struggle to deliver stable real-time
performance on highly constrained hardware like Raspberry Pi or low-end CPUs without further
optimization.

Optimization techniques such as quantization, pruning, and graph-level simplification have
been widely studied in mobile inference frameworks, especially TensorFlow Lite. Quantization
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reduces numerical precision to accelerate inference, while pruning eliminates redundant parameters
to lower computational cost. Although these methods are well established individually, most studies
examine them in isolation or focus on generic image classification tasks. Systematic evaluations of
combined optimization pipelines applied to pose estimation models across multiple low-resource
platforms remain limited.

This study addresses that gap by presenting a structured optimization pipeline tailored
specifically for BlazePose-Lite. The pipeline integrates FP16 and INT8 quantization, structured
pruning, computational graph simplification, and lightweight temporal smoothing. The optimized
model is evaluated on three representative low-resource platforms: a mid-range Android
smartphone, a Raspberry Pi 4, and a low-end laptop CPU. Performance is assessed in terms of
inference speed, latency, CPU and memory usage, as well as pose estimation accuracy measured by
RMSE and PCK.

The contribution of this work lies not in proposing a new architecture but in conducting a
systematic cross-platform analysis of optimization trade-offs

Materials and methods

The dataset used in this study consists of video sequences capturing basic human movements
commonly involved in fitness routines and rehabilitation exercises, such as squats, lunges, arm
raises, and torso rotations. A total of 640 short video clips were recorded using smartphone cameras
with a resolution of 720p and 1080p under varying lighting conditions. To ensure diversity, videos
were collected from participants with different body types, clothing types, and backgrounds.

Each video was manually segmented into frames and resized to 256x256 pixels to reduce
computational cost. Frames were then annotated with 33 human pose landmarks following the
MediaPipe BlazePose keypoint standard. Annotation was semi-automated: initial keypoint
predictions were generated using the standard BlazePose model, and corrections were manually
applied using CVAT to ensure high-quality labels. The final dataset includes more than 78,000
labeled frames. The dataset was divided into training (70%), validation (15%), and testing (15%)
subsets.

To improve model robustness and ensure stable performance across low-resource and
heterogeneous deployment environments, a set of data augmentation techniques was systematically
applied during the training phase. These augmentations were designed to simulate real-world
variations commonly encountered in mobile and embedded vision applications.

Specifically, the training data were subjected to random adjustments in image brightness and
contrast to account for varying illumination conditions. Horizontal flipping was employed to
increase viewpoint diversity, while rotational transformations of up to +15° were introduced to
enhance rotational invariance. In addition, Gaussian noise was injected to improve resilience to
sensor noise, and background blur simulation was applied to mimic motion blur and depth-of-field
effects frequently observed in real-world mobile scenarios.

Collectively, these augmentation strategies effectively mitigated overfitting by expanding the
diversity of the training samples and promoting more robust feature learning. As a result, the trained
model demonstrated improved generalization capability when evaluated under realistic operating
conditions on mobile and embedded devices.

BlazePose-Lite Architecture. BlazePose-Lite is a computationally efficient variant of the
BlazePose architecture, engineered to achieve real-time human pose estimation on devices with
limited processing power. While the original BlazePose model delivers high accuracy through
complex convolutional networks, the Lite version focuses on drastically reducing computational
load without significantly compromising pose estimation precision. This is accomplished through
architectural simplifications and the incorporation of lightweight convolutional operations.

The BlazePose-L.ite pipeline is composed of two primary modules, each optimized for efficiency:
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Region of Interest (ROI) Detector. The ROl Detector is responsible for identifying the
approximate spatial location of the human body within the input frame. Its design is based on
MobileNetV3-inspired lightweight convolutional blocks, which utilize depthwise separable
convolutions, squeeze-and-excitation layers, and reduced channel widths. These optimizations
allow the detector to perform fast bounding-box regression with minimal latency.

Pose Landmark Model. The Pose Landmark Model performs detailed regression of 33
anatomical keypoints, each represented by (X, y, z) coordinates. BlazePose-Lite uses a significantly
streamlined architecture compared to the full version, replacing standard convolutions with
depthwise separable convolutions, reducing filter sizes, and utilizing fewer feature channels.

The core structure includes: a compact feature extractor based on MobileNet-like encoding,
reduced-width convolutional layers that limit memory usage, a fully connected regression head
producing a 99-dimensional output vector representing all landmarks (33 x 3), z-coordinates
estimation, enabling pseudo-3D pose interpretation for improved stability.

This design enables faster processing while maintaining sufficient spatial accuracy for real-time
pose tracking.

However, despite these inherent optimizations, the default BlazePose-Lite implementation
still struggles to maintain real-time performance on low-resource devices such as budget
smartphones and Raspberry Pi boards. Bottlenecks arise primarily from floating-point operations,
activation overhead, and limited ARM CPU throughput.

Therefore, additional optimization procedures—including quantization, structured pruning,
graph simplification, and temporal smoothing—were required to achieve consistent real-time
performance. These techniques are detailed in the following section.

Model Optimization Techniques. To ensure that BlazePose-Lite achieves stable real-time
performance on low-resource devices, a comprehensive multi-stage optimization pipeline was
developed. This pipeline integrates quantization, structured pruning, computational graph
simplification, and temporal smoothing. Each optimization step targets a specific computational
bottleneck of the original model, collectively increasing inference speed while preserving
acceptable accuracy.

This makes the optimized BlazePose-Lite model highly suitable for real-time deployment on
smartphones, Raspberry Pi boards, and other embedded systems.

Hardware Platforms. To evaluate the performance of the optimized BlazePose-Lite model
under realistic low-resource conditions, experiments were conducted on a representative set of edge
devices with limited processing capabilities. These platforms were selected to reflect hardware
commonly used in mobile fitness applications, embedded health-monitoring systems, and loT-based
human—computer interaction solutions.

The first platform was a mid-range Android smartphone equipped with an ARM Cortex-
Ab53 octa-core processor and 3 GB of RAM. This category of devices remains the most widespread
among users in developing regions and is frequently utilized in mobile Al applications despite
lacking dedicated NPUs or high-performance GPUs. Testing on such hardware allows the
assessment of real-time feasibility for typical end users.

The second platform was a Raspberry Pi 4 Model B, featuring a quad-core ARM Cortex-
A72 CPU running at 1.5 GHz and 4 GB of RAM. Raspberry Pi is one of the most commonly
adopted single-board computers in embedded systems, robotics, and affordable 10T solutions. Since
it relies entirely on CPU-based computation, it provides a realistic benchmark for evaluating the
efficiency of the optimized model in scenarios where GPU resources are unavailable.

The third platform consisted of a low-end laptop equipped with an Intel Celeron N4000 dual-
core processor and 4 GB of RAM. Such devices are frequently used in educational environments
and low-budget computing systems, where hardware upgrades are not feasible. Testing on this
platform provides insight into the performance of the optimized model on legacy or resource-
constrained desktop environments.
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All experiments were performed under identical conditions, and no hardware acceleration
(such as GPU or NPU delegates) was used, ensuring that performance improvements originated
solely from model-level optimizations. These platforms collectively represent a realistic spectrum
of low-resource computing devices and enable a comprehensive evaluation of the optimized
BlazePose-Lite model in practical deployment environments.

Evaluation Metrics. To systematically assess the performance of the optimized BlazePose-
Lite model on low-resource devices, a set of quantitative evaluation metrics was employed. These
metrics were selected to capture both computational efficiency and pose-estimation accuracy,
ensuring a comprehensive understanding of model behavior under real-time constraints. The primary
measure of real-time feasibility was Frames Per Second (FPS), which quantifies the number of
frames processed per second during continuous video inference. Achieving 24-30 FPS is generally
considered sufficient for smooth real-time interaction, making this metric crucial for mobile and
embedded applications. In addition to FPS, inference latency (ms) was recorded to determine the
time required to process a single frame. Latency provides a direct indication of model
responsiveness and is especially important for systems requiring immediate feedback, such as
fitness monitoring and rehabilitation guidance.

To evaluate the computational impact on hardware, CPU utilization (%) and RAM
consumption (MB) were measured throughout the inference pipeline. These metrics reveal how
efficiently the optimized model leverages available resources and whether prolonged operation is
sustainable on constrained devices. Low CPU load and minimal memory usage are essential for
reducing battery consumption on smartphones and preventing thermal throttling on embedded
systems.

Pose-estimation quality was assessed using two widely accepted metrics: Root Mean Square
Error (RMSE) and Percentage of Correct Keypoints (PCK). RMSE quantifies the average Euclidean
distance between predicted and ground-truth keypoint coordinates, providing a direct measure of
numerical accuracy. PCK evaluates the proportion of keypoints predicted within a normalized
distance threshold, reflecting structural correctness and robustness. Together, these metrics enable
balanced analysis of both spatial precision and practical usability.

By combining performance-focused and accuracy-focused indicators, this evaluation
framework provides a reliable basis for comparing baseline and optimized variants of BlazePose-
Lite, as well as understanding their suitability for deployment on diverse low-resource hardware
platforms.

Results

This section presents the experimental findings obtained after applying the proposed
optimization pipeline to the BlazePose-Lite model and deploying it across three low-resource
hardware platforms. The results highlight the improvements in inference speed, latency,
computational efficiency, and pose estimation accuracy. Comparative analyses between the baseline
and optimized models are also provided.

Model Size and Memory Footprint. The initial stage of the evaluation examined how each
component of the optimization pipeline—FP16 quantization, INT8 full integer quantization, and
structured pruning—affected the overall model size and memory footprint. The baseline BlazePose-
Lite model, exported in TensorFlow Lite format, occupied approximately 6.2 MB, which is
relatively lightweight compared to other pose estimation architectures but still substantial for low-
resource devices with limited storage and memory bandwidth.

Applying Floatl6 quantization reduced the model size to 3.1 MB, representing a 50%
reduction. This decrease is primarily due to the compression of 32-bit floating-point weights into
16-bit values while maintaining the same number of parameters. Although the FP16 model retains
floating-point operations, it provides meaningful gains in loading speed and memory access
efficiency on devices that support FP16 operations natively.
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The most significant reduction was achieved through INT8 full integer quantization, which
lowered the model size further to 1.5-1.8 MB, depending on pruning configuration. When
combined with 30% structured pruning, the final optimized model reached a size of
approximately 1.4-1.6 MB, resulting in an overall decrease of 70—75% relative to the baseline.

Table 1. Model Size Before and After Optimization

Model Version Qua_r;%gtlon Pruning Rate Size (MB) Reduction (%) | Model Version
Baseline 0 Baseline
BlazePose-Lite | ' o2 0% 6.2 B BlazePose-Lite
Optimized v1 FP16 0% 3.1 50% Optimized v1
Optimized v2 INT8 0% 1.7 72% Optimized v2
Optimized v3 INTS 30% 1.5 75% Optimized v3

Overall, the significant reduction in model size directly contributes to improved runtime
stability, faster frame processing, and more efficient resource utilization across all tested low-
resource platforms. These improvements form the foundation for achieving reliable real-time pose
estimation in constrained environments.

Inference Speed (FPS) Comparison. Inference speed is one of the key performance indicators
determining whether a pose estimation model can be deployed for real-time applications on low-
resource devices. A minimum rate of 24 FPS is typically required to ensure smooth visual tracking,
while rates below 15 FPS noticeably degrade user experience, especially in interactive fitness and
rehabilitation scenarios. Therefore, evaluating the effect of the proposed optimizations on the frame
processing rate (FPS) is essential for assessing model viability.

The experiments demonstrated a substantial improvement in FPS across all tested platforms
after applying the full optimization pipeline. Measurements were taken over continuous 60-second
inference sessions to account for temporal fluctuations, thermal throttling, and background process
interference, ensuring an accurate representation of average device performance.

Table 2. FPS Comparison on Low-Resource Devices

Device Baseline Model Optimized Optimized Improvement
(FP32) FP16 INT8 (%)
Android 12-18 FPS 20-24 FPS 26-32 FPS +120-150%
Smartphone
Raspberry Pi4 | 5-8 FPS 8-11 FPS 12-16 FPS +100-160%
Low-end Laptop | 25-30 FPS 35-42 FPS 45-55 FPS +60—90%

On the mid-range Android smartphone, the optimized INT8 model consistently reached 26—
32 FPS, nearly doubling the performance of the baseline model (12-18 FPS). This improvement is
primarily attributed to the reduced computational cost and lower memory bandwidth requirements
introduced by INT8 quantization and structured pruning. The FP16 model also demonstrated
substantial acceleration, achieving 20-24 FPS, which is sufficient for near real-time operation in
many applications.

On the Raspberry Pi 4, which relies entirely on CPU computation without dedicated NPUs or
GPUs, FPS increased from 5-8 FPS in the baseline to 12-16 FPS in the optimized configuration.
This represents one of the most impactful improvements in the experiments, as low-cost embedded
devices traditionally struggle with complex convolutional workloads. With the optimized model,
Raspberry Pi becomes capable of supporting responsive pose estimation suitable for low-budget
interactive systems, educational tools, and portable 10T-based monitoring setups.
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The low-end laptop tested in the study also benefited significantly from the optimization
pipeline. FPS increased from 25-30 to 45-55, enabling high fluidity and minimal frame drops even
under continuous processing loads. This result illustrates that even modest improvements in model
size and computational depth can strongly influence performance on dual-core CPUs with limited
clock speeds.

The observed increase in frames per second (FPS) can be attributed to a combination of
architectural optimizations and runtime-level improvements that collectively enhanced inference
efficiency. First, the computational load per inference step was significantly reduced through the
application of quantization and pruning techniques. These methods decreased the total number of
arithmetic operations required, thereby accelerating both convolutional and fully connected layers.

Second, memory hierarchy utilization was improved as a result of smaller tensor
representations. Reduced tensor sizes enabled a larger proportion of operations to be executed
within the L1 and L2 cache levels, minimizing costly accesses to main memory and improving
overall data throughput. Third, execution overhead within the TensorFlow Lite (TFLite) runtime
was lowered through operator fusion and computational graph simplification, allowing fused
kernels to be executed more efficiently and with reduced scheduling overhead.

Finally, improved thermal stability played a critical role in sustaining higher inference
throughput over extended operation periods. By lowering overall CPU utilization, the optimized
model mitigated thermal throttling effects, particularly on thermally constrained platforms such as
smartphones and Raspberry Pi devices. Together, these factors explain the consistent FPS
improvements observed across all evaluated deployment environments.

As a result, the optimized BlazePose-Lite model consistently achieved real-time performance
across all tested devices, confirming that model-level optimizations can effectively compensate for
hardware limitations and expand the applicability of human pose estimation to resource-constrained
platforms.

Latency represents the time required for the model to process a single frame and generate
landmark predictions. In real-time pose estimation, maintaining a low and stable latency is essential
because even minor delays accumulate into noticeable lag, reducing the usability of the system in
applications such as live fitness coaching, gesture control, and rehabilitation monitoring. Therefore,
this study places significant emphasis on evaluating the impact of the optimization pipeline on
frame-level inference latency.

Latency measurements were performed over 500 consecutive frames on each device, using a
synchronized timestamping procedure to minimize environmental variability. Results were
averaged to produce stable estimates and to account for device-specific fluctuations such as
dynamic frequency scaling, background processes, and thermal throttling.

Latency Improvements After Optimization. The baseline BlazePose-Lite model exhibited an
average latency of 65-80 ms per frame on the Android smartphone, 120-160 ms on Raspberry Pi 4,
and 35-40 ms on the low-end laptop. These values indicate that only the laptop could achieve near
real-time performance without optimization, while both the smartphone and Raspberry Pi struggled
to maintain responsiveness.

After applying FP16 and INT8 quantization, structured pruning, and graph simplification, latency
values decreased significantly:
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Table 3. Latency Comparison Before and After Optimization Across Devices

. Baseline Optimized Optimized PN
Device Latency EP16 INTS Reduction (%)
Android 65-80 ms 40-50 ms 28-35 ms 40-55%
Smartphone
Raspberry Pi 4 120-160 ms 80-105 ms 55-70 ms 45-60%
Low-end Laptop | 35-40 ms 25-30 ms 18-22 ms 35-50%

The INT8 model achieved the lowest latency across all devices, demonstrating the clear
advantage of integer arithmetic on CPU-bound hardware. The reduction in latency directly
contributed to the observed increase in FPS described earlier.

Computational efficiency was further assessed by analyzing CPU utilization during
continuous inference experiments across multiple hardware platforms. CPU load is a critical
indicator of energy efficiency, as lower utilization directly contributes to reduced power
consumption, prolonged battery life in mobile devices, and mitigation of thermal throttling effects
during extended operation.

Experimental results demonstrate a substantial reduction in CPU usage following model
optimization. On the Android smartphone platform, CPU utilization decreased from an initial range
of 82-96% in the baseline configuration to 58-72% after applying INT8 quantization. Similarly,
deployment on a Raspberry Pi 4 resulted in a reduction from near-saturation levels of 95-100% to
68—79%, thereby significantly lowering the risk of thermal throttling during long-duration inference
sessions. The low-end laptop platform exhibited the most pronounced improvement, with CPU
usage declining from 65-75% to 38-52%, leading to enhanced overall system responsiveness and
multitasking capability.

These efficiency gains can be attributed to several architectural and implementation-level
optimizations. First, structured pruning effectively reduced convolutional complexity by eliminating
redundant filters and channels. Second, the use of fused operators within the TensorFlow Lite
(TFLite) runtime minimized execution overhead and improved pipeline efficiency. Third, quantized
inference employing lower bit-width arithmetic significantly decreased computational cost. Finally,
reduced memory traffic and improved data locality further contributed to more efficient CPU
utilization.
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Collectively, these results highlight the effectiveness of model optimization techniques in
achieving energy-efficient inference while maintaining practical performance on resource-
constrained devices

Memory efficiency was evaluated through detailed profiling of random-access memory
(RAM) usage during inference execution. The analysis revealed a consistent reduction of
approximately 20-35% in memory consumption compared to the baseline model. Such reductions
are particularly critical for resource-constrained platforms, including the Raspberry Pi, where
multiple applications contend for limited memory capacity and excessive memory usage can trigger
disk swapping, leading to significant performance degradation.

The observed memory savings stem from several complementary optimization strategies.
First, the reduction in model size resulted in smaller weight tensors being loaded into memory.
Second, optimization techniques decreased the size of intermediate feature maps generated during
inference, thereby lowering peak memory requirements. Third, computational graph simplification
reduced the number of allocated buffers, minimizing redundant memory reservations. Finally, the
overall activation footprint was reduced, further contributing to more efficient memory utilization.

These results demonstrate that model compression and graph-level optimizations play a
crucial role in enabling reliable and stable inference on embedded and low-power computing
platforms, where memory resources are inherently limited.

Thermal and Stability Observations. A critical advantage of the optimized model is improved
thermal stability. The baseline model caused rapid heat buildup on Raspberry Pi and mobile
devices, often triggering clock throttling. In contrast, the optimized model maintained stable CPU
temperatures, enabling sustained real-time performance.

Additionally, the reduced computational demand minimized the risk of inference stalls or frame
drops, improving overall system usability.

These findings demonstrate that computational bottlenecks in the original BlazePose-Lite
architecture can be effectively mitigated through targeted model-level optimizations, enabling
smooth, responsive operation on low-resource hardware platforms.

Pose Estimation Accuracy and Qualitative Evaluation. In addition to improvements in
inference speed and computational efficiency, it was essential to assess whether the optimization
pipeline preserved the structural accuracy of human pose estimation. Quantitative evaluation was
performed using Root Mean Square Error (RMSE) and Percentage of Correct Keypoints (PCK),
which are widely adopted metrics for keypoint regression tasks. Despite the substantial reduction in
model size and computational complexity, the optimized BlazePose-Lite model maintained
accuracy levels comparable to the baseline.

Experimental results showed that RMSE increased by only 1-3%, indicating minimal
deviation in keypoint predictions. Similarly, PCK scores remained within an acceptable range, with
less than 2% difference from the original model across validation samples. These results
demonstrate that quantization and pruning, when applied in a controlled and structured manner, do
not significantly impair landmark precision.

Table 4. RMSE and PCK Comparison Between Baseline and Optimized Models

Model Version

RMSE (| Better)

PCK (%) (1 Better)

Accuracy Change

Baseline (FP32)

4.21

96.8%

Pruning (30%)

Optimized FP16 4.32 96.1% —-0.7%
Optimized INT8 4.35 95.7% -1.1%
Optimized INT8 + 4.39 95.4% _1.4%

To complement the quantitative analysis, qualitative evaluation was conducted by visually
inspecting model predictions across diverse motions, lighting conditions, and body orientations. The
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optimized model accurately captured the 33 anatomical landmarks and maintained consistent
skeletal structure even during dynamic movements such as squats, lunges, and upper-body
rotations. Temporal smoothing techniques (EMA and Kalman filtering) contributed to enhanced
stability, reducing jitter in landmark trajectories and producing smoother motion paths in real-time
video streams.

Figure 2. Example Pose Outputs from the Optimized Model

Overall, the optimized BlazePose-Lite model delivers pose estimation accuracy comparable to
the baseline while offering significantly improved speed and stability, confirming its suitability for
real-time applications on low-resource hardware.

Discussion

The experimental findings demonstrate that the proposed optimization pipeline significantly
enhances the computational performance of BlazePose-Lite across various low-resource hardware
platforms. The most notable improvements were achieved through INT8 quantization and structured
pruning, which collectively reduced model size by approximately 70—75% while maintaining pose
estimation accuracy within an acceptable margin. This balance between compression and
performance is critical for real-time deployment scenarios where memory and processing power are
limited.

The reduction in inference latency and CPU utilization directly contributed to the substantial
increase in FPS on all tested devices. On mid-range smartphones, the optimized model surpassed
the threshold for real-time performance, achieving up to 32 FPS compared to the baseline’s 12-18
FPS. Similarly, Raspberry Pi 4, which previously struggled to maintain responsiveness with the
baseline model, reached 12-16 FPS, enabling fluid motion tracking on an extremely resource-
constrained platform. These results confirm that model-level optimizations can compensate for
hardware limitations, offering practical pathways for deploying advanced pose estimation
techniques in low-budget biomonitoring and 10T systems.

Accuracy evaluation further revealed that optimization techniques did not significantly
degrade pose estimation precision. RMSE and PCK values remained close to those of the baseline
model, indicating that keypoint localization quality was largely preserved. This finding is
particularly important in applications such as fitness coaching and rehabilitation, where accurate
joint tracking is essential for evaluating movement correctness and detecting deviations.

The qualitative assessment supports the guantitative trends: the optimized model produced stable
and coherent landmark trajectories, especially when enhanced with temporal filtering. Smoothing
via EMA and Kalman filtering effectively reduced jitter, improving visual stability without
introducing additional computational overhead. As a result, the optimized system offers a more
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visually consistent and reliable pose estimation experience, which is crucial for real-time
interaction.

Overall, the study highlights that BlazePose-L.ite, when systematically optimized, can operate
efficiently on devices traditionally considered unsuitable for deep learning—based computer vision
tasks. This demonstrates the potential of lightweight neural architectures combined with model
compression techniques to extend advanced Al capabilities to broader, constraint-driven
environments. The approach presented in this work can be adapted for other human-centered
applications such as gesture recognition, sports analytics, and mobile health monitoring, suggesting
a wide range of opportunities for future research.

Conclusion

This study presented an optimized real-time human pose estimation system based on the
BlazePose-Lite architecture, specifically adapted for deployment on low-resource devices such as
mid-range smartphones, Raspberry Pi boards, and low-end laptops. The research addressed a
critical limitation of existing pose estimation frameworks—their high computational cost—and
demonstrated that systematic model-level optimizations can enable real-time performance even
under severe hardware constraints [1,3,6,13].

A comprehensive optimization pipeline was developed, incorporating FP16 and INT8
quantization, structured pruning, computational graph simplification, resolution reduction, and
temporal smoothing. These techniques are well aligned with prior research on efficient neural
network deployment and model compression for embedded systems [8-10]. Experimental
evaluations showed that the proposed optimization strategy reduced model size by up to 75% and
decreased inference latency by 40-60%, leading to substantial improvements in FPS and
computational efficiency.

Notably, the optimized model achieved 26-32 FPS on smartphones and 12-16 FPS on
Raspberry Pi 4, transforming previously insufficient hardware into viable platforms for real-time
pose estimation. Similar conclusions have been reported in recent studies focusing on pose
estimation for mobile and edge devices [6,13,15].

Accuracy assessments revealed that the optimized model preserved competitive RMSE and
PCK metrics, with only marginal degradation compared to the baseline. This observation is
consistent with earlier findings indicating that quantization and pruning, when applied carefully,
have limited impact on pose estimation accuracy [8,9]. Qualitative evaluations further showed that
temporal smoothing significantly improved landmark stability by reducing jitter, thereby enhancing
the perceptual quality of pose tracking [14].

Overall, the results confirm that BlazePose-Lite, when carefully optimized, represents a
robust and efficient solution for embedded fitness applications, mobile health monitoring,
rehabilitation systems, and loT-based human—computer interaction platforms [1,6,12]. This study
highlights the broader potential of lightweight deep-learning architectures and compression
strategies, such as those inspired by MobileNet-based designs, in enabling advanced Al capabilities
on low-cost and widely accessible devices [2,7]. Future work will focus on integrating hardware
accelerators (e.g., NNAPI, GPU delegates), exploring temporal sequence models, and extending the
system toward multimodal motion analysis for more comprehensive activity evaluation.
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