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ABSTRACT

Background. Industrial loT infrastructures require edge-based predictive maintenance
to prevent asset breakdowns. Traditional cloud monitoring suffers from bandwidth
saturation, high ingestion costs, and propagation latencies. This study shifts diagnostics to
the network edge using an ESP32 module to detect power consumption anomalies in real
time.

Materials and Methods. An autonomous edge computing framework was developed by
integrating a 32-bit dual-core ESP32 microcontroller with an INA219 precision power
monitoring circuit. To eliminate polling gaps during neural network inference, the firmware
architecture utilizes the FreeRTOS real-time scheduler to partition operations: Core 0
handles sensor sampling at 100 Hz, while Core 1 executes a multi-tiered machine learning
voting ensemble. The ensemble combines six parallel analytical pipelines categorized into
three layers: a 1-dimensional deep autoencoder fully quantized to signed 8-bit integers (int8)
for pointwise reconstruction-error tracking, alongside rolling 5-minute window aggregation
and differential tracking modules designed to evaluate signal statistical profiles, smoothness
metrics, coefficients of variation, and gradient shifts concurrently.

Results and Discussion. Hardware experiments on stepper motors, DC fans, and
resistive units validated fault sensitivity. The point-level autoencoder achieved a 100%
detection rate for abrupt short-circuits with a 42-second notification latency. Gradual
parametric drifts were tracked with 98% precision and 92% recall (F1-score: 0.95), filtering
out motor start-up spikes. Acute internal motor phase failures were isolated within 1.1
seconds. The local pipeline requires 47 ms per inference cycle, consumes under 0.3
W-h/day, and utilizes a 6.8 KB tensor arena inside static random-access memory (SRAM).

Conclusion. Shifting multi-tiered predictive analytics to resource-constrained
microcontrollers ensures complete processing autonomy, microsecond-level fault response
times, and robust network bandwidth conservation. The proposed edge Al framework
provides a highly viable, energy-efficient, and scalable solution for distributed industrial
predictive maintenance without cloud dependency.

Keywords: edge Al, anomaly detection, ESP32, INA219, energy consumption,
Tensorflow Lite.

INTRODUCTION

Modern industrial manufacturing, distributed utility networks, and automated cyber-
physical systems rely heavily on the continuous and error-free operation of edge actuators,
peripheral execution units, and localized embedded systems. Hardware degradation within
these heavy environments, such as bearings wearing out in fluid pumps, insulation
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breakdown in inductive motor coils, or sensor feedback loops short-circuiting, almost
always manifests early as microscopic shifts within the system's electrical power
consumption signature [1]. If left unmonitored, these small anomalies gradually lead to
systemic inefficiencies, increased power consumption overhead, and sudden catastrophic
machine breakdowns that incur significant financial losses.

Historically, predictive maintenance frameworks have been managed almost
exclusively through centralized, cloud-centric telemetry paradigms. Under these
conventional approaches, low-power edge data nodes act merely as passive forwarding
pipelines, continuously sampling voltage and current metrics at high frequencies and
streaming the raw signals across multiple network hops to remote enterprise cloud stacks
[2]. While this architecture provides significant flexibility in terms of computational scaling,
it introduces severe engineering boundaries when deployed in dense industrial
environments. The continuous streaming of raw telemetric waveforms leads to extreme
wide-area network bandwidth saturation, demands high data ingestion and processing
costs on the server side, and creates an absolute dependency on stable, uninterrupted
network connectivity. Furthermore, the inherent propagation delay associated with cloud
routing introduces unacceptably high latencies, which fundamentally prevent immediate,
localized safety overrides or automatic emergency shutdown sequences during critical
electrical faults.

Edge Al, often conceptualized as TinyML, redefines this architectural topology by
moving core execution diagnostics, neural network inference, and decision-making
workflows directly onto resource-constrained microcontrollers at the absolute hardware
periphery. Recent advancements in low-power silicon design, exemplified by the dual-core
Tensilica Xtensa architecture, provide the necessary hardware computational capabilities
to execute quantized deep learning algorithms locally at the source of data capture [3]. This
structural change entirely removes the need for continuous raw wide-area data streaming,
thereby minimizing network overhead and ensuring localized real-time execution [4]. This
paper presents a non-intrusive edge computing framework engineered for localized power
signature analysis. By combining an optimized eight-bit integer quantized deep
autoencoder with localized statistical windowing and gradient-tracking pipelines into a
unified ensemble voting structure, the proposed framework delivers high operational fault
sensitivity, strict noise rejection, and complete processing autonomy without relying on
external cloud infrastructure.

MATERIALS AND METHODS

Physical Layer and Data Acquisition Architecture

The hardware foundation of the developed diagnostic node centers around a 32-bit
dual-core Tensilica Xtensa LX6 ESP32 microcontroller operating at a clock frequency of
240 MHz. The microcontroller is connected via a hardware 12C bus to an INA219 power
monitoring integrated circuit. The INA219 is configured with a 12-bit analog-to-digital
converter (ADC) that samples both the bus voltage +26V range) and the differential voltage
across an onboard external precision shunt resistor.

To prevent polling gaps during computational machine learning inference cycles, the
software execution routine is split symmetrically across both processing cores using the
FreeRTOS real-time operating system scheduler:

e Core 0 (Data Loop): Dedicated exclusively to high-frequency sensor sampling at

100 Hz, applying moving average filters to reduce high-frequency electrical noise,
and maintaining a localized temporal buffer.

e Core 1 (Inference Loop): Manages the execution of the multi-tiered machine

learning ensemble, local evaluation logic, and event-driven MQTT telemetry [5].
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Core 0 samples at 100 Hz because that is close to the practical limit of the INA219
itself: each conversion takes about 532 ps, so faster sampling would mostly add 12C and
filtering overhead rather than new information. It is also fast enough to catch short transient
events like short-circuit onset, which show up well within tens of Hz, so 100 Hz leaves a
safe margin without wasting the ESP32's limited memory and CPU budget that Core 1 also
depends on.

To identify both immediate transient faults and long-term multi-week mechanical
degradation, data entering Core 1 is evaluated concurrently by six independent analytical
pipelines divided into three specialized operational layers.

The structural data flow and processing hierarchy within the embedded system are
illustrated in Fig. 1. To identify both immediate transient faults and long-term multi-week
mechanical degradation, data entering Core 1 is evaluated concurrently by six independent
analytical pipelines divided into three specialized operational layers.

Pointwise Analysis via TensorFlow Lite

This layer monitors instantaneous minute-by-minute execution profile deviations. Raw
consumption metrics are evaluated by a deep autoencoder model trained exclusively on a
stable baseline profile of the monitored asset. The neural network topology features five
layers: an input layer (1 dimension, tracking normalized instantaneous power values), an
encoder section composed of two dense layers with 32 and 8 nodes utilizing RelLU
activation functions, and a decoder section mirroring the encoder with a dense layer of 32
nodes leading to a single linear output node.

Training weights are fully quantized to signed 8-bit integers (int8) using post-training
quantization routines. For each incoming normalized scalar x(t), the model computes a
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Fig. 1. Structural flowchart of the multi-tiered edge Al anomaly detection architecture
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reconstructed value £(t). The localized anomaly score is determined by the Mean Absolute
Error (MAE):

Lpoint(t) = [x(t) — 2(@)|. (1)

The pointwise anomaly trigger A, (t) € {0,1} evaluates as:

1' if Lpoint(t) > .upt + Zapt
0, otherwise ’

Apoint @ = { (2)

where u,, and o, represent the historical mean and standard deviation of the
reconstruction error compiled during baseline execution.

Five-Minute Aggregation Module

To filter out transient start-up surges, windowed analysis operates on a rolling five-point
historical vector W = {x;, x, ..., X5 }. This module executes three concurrent pipelines.

The five-minute window (five one-minute feature vectors) exists for the opposite
reason: gradual drift unfolds over days, not seconds, so a short window would be noisy and
trigger false alarms on ordinary load swings, while a much longer one would catch drift too
late to be useful. Five minutes is the point where normal fluctuations average out but a real
trend is still visible early.

Aggregation Autoencoder extracts three statistical features from the window matrix:

5
fi = mean(W) = %Z X, (3)
5 1/2
1
fo = stdW) = [gZ(xi—mZI . @

fy = mean) =[5 Y =Y i ) x| /[ Y 2= ()] i)z]. (5)

The vector f = [f1, f2, f5]7 is processed by a specialized structured autoencoder,
yielding a binary trigger Agyto agg-

Smoothness tracking evaluates high-frequency signal oscillations by calculating the
absolute second derivative over the window profile:

4
1
Sscore = § zlel — 2% + x;_4]. (6)
i=2

An anomaly state Agyo0en triggers if Sgcore > 0.5.
Stability Assessment tracks the coefficient of variation to catch erratic load shifts:

_stdW)  fy
Vscore = mean() (7)
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The anomaly state Agqpi; triggers if Viore > 0.3. The aggregate diagnostic state is
combined via a logical OR gate:

Aaggregation = Aauto_agg \ Asmooth \ Astabil (8)

Differential Analysis Module

This module focuses on high-frequency gradient changes to detect fast parametric
degradation. It runs two pipelines: gradient autoencoder and real-time gradient tracking.
The gradient autoencoder transforms the window W into four gradient features:

4

g1 = mean(WW1) = 3 ¥ Ity — ©
i=1

g, = mean(|V2W)), (10)

gz = var(VW), (11)

gs = Npc(VW), (12)

where N,. is the zero-crossing frequency of the first derivative. This feature vector
9 =91, 92,93, 941" is verified by a gradient autoencoder to produce trigger Agrad_ae-
Real-time gradient tracking directly tracks instantaneous slope thresholds against baseline
limits to generate trigger Agrqq rt-

The total differential output is mapped as:

Adifferential = Agrad_ae \ Agradrt- (1 3)

Ensemble Voting Optimization

To synthesize these separate analytical streams, the system applies a biased
ensemble voting structure that filters isolated measurement noise while remaining highly
sensitive to sustained operational shifts:

Awindow (t) = Aaggregation(w) \ Adifferential(w)r (14)
where point t € w [6]. The centralized ensemble decision is evaluated as:

Apoine(t) + Ay t
Aensemble(t) = poznt( ) 2 WmeW( ) = 0.5]. (15)

TensorFlow Lite Quantization and Memory Optimization
Deploying deep models to resource-constrained microcontrollers requires strict
memory optimization [7]. Post-training integer quantization maps continuous floating-point

weights wy € [ming, max;| onto signed 8-bit boundaries q € [—128,127] using scale
factor s and zero-point offset z:

maxy — minf

255 (10)

q = round (%) +z s=
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This compression shrinks the point-level autoencoder footprint to 2.4 KB, allowing
model execution within a 6.8 KB static tensor arena inside the ESP32 SRAM, preserving
over 78% of available chip memory spaces for the baseline networking stack [8].

RESULTS AND DISCUSSION

The practical verification and performance evaluation of the developed Edge Al
diagnostic architecture were conducted via hardware-in-the-loop experiments using an all-
embedded testbench setup [9]. The servo motor subsystem simulated highly non-linear,
multi-phase electrical power signatures characteristic of high-precision robotic positioners
or industrial automated assembly tracks, whereas the high-capacity resistive heating
element reproduced static thermal stabilization profiles regulated through localized pulse-
width modulation interfaces.

Experimental validation was conducted using controlled fault injection on the physical
testbench. Abrupt anomalies (short-circuit events) were simulated by deliberately short-
circuiting the monitored shunt path, producing an instantaneous, high-magnitude deviation
in the measured current signature. Gradual drift anomalies were simulated using an
accelerated degradation model, in which the baseline load profile was progressively
modified over the course of the experiment to emulate the cumulative effect of the target
~10%/week degradation rate within a compressed timeframe. Equipment fault conditions
(phase disturbances) were simulated via programmatic delay injection into the PWM
control signal, artificially shifting the driving waveform's phase relationship relative to the
expected reference. Power-quality anomalies were simulated as controlled voltage sags
applied to the monitored circuit. Each of the four fault scenarios was repeated across 50
independent trials to establish the performance statistics reported in Table 1. Baseline
(normal-operation) data was collected over a continuous 6-hour observation window at the
system's native 100 Hz sampling rate (=2.16 million raw samples), from which the
autoencoder's baseline reconstruction-error statistics (4, o) were derived.

The diagnostic performance of the edge module was evaluated by calculating
precision, recall, and F1-score matrices across simulated hardware state anomalies. The
consolidated statistical and temporal results of these laboratory benchmarks are
summarized in Table 1.

Alert Latency was measured as the elapsed time between the onset of the injected
fault condition (the timestamp at which the physical disturbance was applied to the
testbench) and the moment the ensemble trigger A, sempie(t) first evaluated to 1. This
interval therefore captures both the underlying signal propagation time and the algorithmic
detection delay introduced by each pipeline's evaluation window. The wide variation in
latency across fault types follows directly from each pipeline's operating principle: abrupt
anomalies are caught by the pointwise autoencoder within one or two 100 Hz sampling
cycles, while gradual drift is only detectable once the five-minute aggregation window
accumulates enough deviation to cross the statistical threshold, explaining the multi-day
latency reported for that scenario.

Table 1. Laboratory Anomaly Detection Results

Anomaly Type Precision Recall F1-Score  Alert Latency
Abrupt Surges (>50%) 1.00 1.00 1.00 4248 s
Gradual Drifts (~10%/week) 0.98 0.92 0.95 3.2+1.1 days
Equipment Malfunctions 0.99 0.97 0.98 1.1+0.3 s
Power Quality Issues 0.96 0.89 0.92 1547 s
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Reported performance intervals (denoted ) represent one standard deviation
computed across the 50 independent trials conducted per fault scenario, providing a
measure of variability in detection performance and latency under repeated fault injection.

For abrupt electrical surges, which were physically forced by introducing short-circuits
within the heating feedback loops to drive the element into a continuous maximum thermal
execution state, the point-level autoencoder achieved a flawless precision, recall, and F1-
score of 1.00. The system reliably isolated this critical operational fault and dispatched a
telemetry alert via the local MQTT interface within an average response latency of 42
seconds from the initialization of the fault. This sub-minute notification turnaround provides
sufficient time margins for automated safety interlocks to execute physical cut-offs before
structural thermal breakdown occurs.

The perfect precision and recall observed for the short-circuit scenario reflect the
nature of the fault signature rather than an artifact of evaluation: a direct short-circuit
produces a step change in current several orders of magnitude larger than the baseline
noise floor, placing it far outside the decision boundary of even a simple thresholding rule.
Such scores should therefore be interpreted as a property of easily separable fault classes
rather than evidence of general classifier robustness. This introduces a limitation of the
current evaluation: performance under fault conditions with lower signal-to-noise
separation (e.g., partial short circuits, intermittent contact faults) remains untested, and the
reported metrics should not be extrapolated to such cases without further validation. A
further source of potential systematic bias is that all faults were injected into a single
hardware testbench topology; variation in wiring impedance, sensor placement, or load
type across different physical installations could shift the effective detection threshold and
has not been characterized here.

For gradual parametric drifts designed to mimic long-term mechanical degradation,
bearing decay, or microstructural insulation aging at a rate of approximately 10% per week,
the combined processing of the window-based aggregation and differential modules
demonstrated high predictive robustness, maintaining a precision of 0.98 and a recall rate
of 0.92, resulting in a balanced F1-score of 0.95. The alert generation latency for these
multi-day degradation signals averaged 3.2 days, showing that the sliding window
algorithms correctly filter out transient current spikes from typical motor start-up phases
while remaining sensitive to slow drift patterns. Furthermore, acute internal mechanical
faults and rapid phase failures inside the servo motor control lines were identified with an
F1-score of 0.98 and a near-instantaneous latency of 1.1 seconds. General line power
quality instabilities and phase fluctuations were tracked with a precision of 0.96 and a recall
of 0.89 within a 15-second tracking window.

From an engineering resource perspective, the local execution of the entire machine
learning pipeline on the ESP32 microcontroller achieved an average inference execution
speed of 47 milliseconds per compute cycle, which comfortably fits within the designated
1-minute data quantization intervals. The system operates entirely within a restricted
memory footprint, requiring a static tensor arena allocation of only 6.8 KB of internal SRAM
space and using a model storage capacity of 2.4 KB within the microcontroller flash block.
The continuous operational energy consumption of the standalone node remained below
0.3 Wh/day.

To contextualize the reported detection performance, the proposed architecture is
compared against results reported in recent literature for related energy-monitoring
anomaly detection tasks. Static threshold-based fault detection methods, while
computationally trivial, have shown comparatively limited discriminative power in similar
domains, in one photovoltaic-system study, a static-threshold approach yielded an MCC of
only 0.637, with a dynamically adjusted threshold improving this to 0.736, still well below
the separability achieved by the reconstruction-error-based approach used here [10].
Statistical baselines such as SARIMA face similar limits under realistic noise conditions: in
a recent benchmark on industrial smart-meter data, a SARIMA model achieved the highest
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average F1-score of only 0.256 among statistical, isolation-forest, and LSTM-autoencoder
baselines, illustrating that classical statistical and unsupervised ML methods often struggle
to separate genuine equipment anomalies from ordinary operational variability without
domain-specific feature engineering [11]. By contrast, autoencoder-based reconstruction
methods, the same underlying principle used in the point-wise layer proposed here — have
demonstrated substantially stronger separability in comparable energy-monitoring
contexts; an LSTM-autoencoder applied to lighting-system energy anomaly detection
achieved an F1-score of 0.9565, outperforming a comparable Transformer-based model at
0.8125 [12]. This supports the architectural choice of an autoencoder-centered ensemble
over purely statistical or threshold-based alternatives, while also indicating that the near-
perfect scores reported in Table 1 are consistent with what reconstruction-based methods
can achieve on well-separated fault signatures, rather than being anomalous relative to the
field.

The reported system-level metrics illustrate the trade-offs inherent to the proposed
Edge Al architecture. The 47 ms per inference cycle and sub-0.3 Wh/day energy budget
were achieved in part through aggressive int8 quantization, which compresses the point-
level autoencoder to 2.4 KB and constrains the runtime tensor arena to 6.8 KB of SRAM,
a design choice that trades a small amount of representational precision for a substantial
reduction in memory footprint and per-cycle compute cost. This compression is what allows
the six-pipeline ensemble to execute within Core 1's budget without starving Core 0's 100
Hz sampling loop or the MQTT networking stack of resources. The resulting accuracy
figures in Table 1 should therefore be read as the performance achievable under this
specific resource envelope, rather than as an upper bound on what a less constrained (e.g.,
cloud-based, full-precision) implementation of the same ensemble could achieve; the
architecture explicitly prioritizes low latency and low power draw over the marginal accuracy
gains a heavier model might offer. A systematic ablation study, quantifying the individual
contribution of each of the six pipelines to overall ensemble performance, is left for a
dedicated follow-up study and is not addressed within the scope of the present work.

CONCLUSION

This study validates an autonomous ESP32 Edge Al module designed for real-time
anomaly tracking in distributed embedded systems. By integrating int8 quantized deep
autoencoders with localized statistical and gradient pipelines into a unified voting
ensemble, the system delivers high fault sensitivity while maintaining an energy footprint
below 0.3 Wh/day. This edge-centric approach eliminates the need for bandwidth-heavy
cloud streaming, resolving latency bottlenecks and ensuring complete data autonomy at
the source node. The architecture provides a highly scalable solution for predictive
maintenance in distributed industrial infrastructures and cyber-physical systems.
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PAHHE BUABJIEHHA AHOMAJIW Y CMTOXXWUBAHHI EHEPTIi 3A
AOMNOMOI Ol NEPUPEPIMHOIO LWUITYYHOIO IHTENEKTY

PomaH KopocmeHcbkul

Kagpedpa padioenekKmpoHHUX i KOMITIOMEPHUX cucmem,
JIbsiecbkuli HayioHanbHUl yHieepcumem iMeHi IeaHa ®paHka,
syn. [ipazomarosa, 50, Jlbeis, 79005, YKPAIHA

AHOTALIA

Bctyn. MNpomucnosi iHdpacTpykTypu IHTEpHETY pedelt noTpebytoTb nepudepiiHnx
CUCTEM NPOrHO3HOro obcnyroByBaHHsA Anst 3anobiraHHsA aBapiiHUM 3ynuHkam obnagHaHHs.
TpaanUinHUn XMapHUA MOHITOPUHT BUKITUKAE NepeBaHTaXKeHHs kKaHanis 3B'A3Ky, Ma€ BUCOKY
BapTiCTb 30epiraHHa AaHuX Ta 3HaYHy 3aTpUMKY iX nepepadi. Lis pobota cnpamoBaHa Ha
nepeHeceHHs giarHocTukn 6esnocepeaHL0 Ha nepudepito Mepexi 3a AONOMOro MOAyns
Ha 6asi MikpokoHTponepa ESP32 ansi BUSABMEHHs1 aHOMani y CNOXWBAHHI eHeprii B
peanbHoOMYy 4Yaci.

Matepianu Ta MeToau. ABTOHOMHY apXiTekTypy nepudepinHux ob4ymcneHb
po3pobneHo wnsaxom iHTerpadii 32-6iTHoro ABosiaepHoOro MikpokoHTponepa ESP32 i3
NpeumnsifnHoO CXeMol MOHITOpUHry noTyxHocTi INA219. [Ona ycyHeHHs nponyckis
onuTYBaHHA B rMpoueci poboTM HEMPOHHOI Mepexi apxitektypa BOyamosaHoro [13
BMKOPUCTOBYE NnaHyBarnbHWK peanbHoro 4Yacy FreeRTOS anga posnoainy onepadivi: S4po
Core 0 06pobnse Bubipky gaHux ceHcopa Ha YactoTi 100 My, Toai sik sgpo Core 1 BUKOHYE
HaraTopiBHeBWI aHCaMbrb ronocyBaHHA MaLLUMHHOTO HaBYaHHA. AHCambrb NOEAHYE LWICTb
napanenbH1UX aHaniTUMHUX KOHBEEPIB, PO3AiNIEHMX Ha TPU LIapu: OQHOBUMIPHUWIA TMMOOKMIA
aBTOKOZyBarnbHMWK, MOBHICTIO KBAaHTOBaHU A0 8-6iTHMX uinux 4mcen 3i 3HakoM (int8) onsa
LLIOXBWUITMHHOTO BiCTEXEHHS MOXMOKM PEKOHCTPYKLii, a TakoX Mogyni KOB3HOro 5-
XBWUIMHHOTO BIKOHHOTO arperyBaHHs Ta AudepeHuianbHoro adanisy, npuaHadeHi ans
O[HOYACHOTO  OLjHIOBAHHA CTATUCTUYHWMX MPOQINiB  curHanmy, MeTPUK TMagKocCTi,
KoediuieHTiB BapiaLii Ta 3CyBiB rpagieHTa.

PesynbTatn. AnapaTtHi €KCNepuMMEHTM Ha KpPOKOBWX [ABUryHax, BeHTUnsTopax
MOCTIHOTO CTPYMy Ta PEe3NCTUBHUX ereMeHTax NigTBEPAMIN BUCOKY YyTNMBICTb CUCTEMMU
0o 360iB. To4YKOBUIA KBaHTOBaHWUI aBTokoayBarnbHUK 3abe3neunB 100% piBeHb BUSBIEHHS
panToBMX KOPOTKMX 3aMuKaHb i3 3aTPUMKOK croBileHHs Yy 42 cekyHau. [locTynosi
napameTpuyHi apendu BigcTexyBanucst 3 TodHicTio 98% Ta noBHoTo 92% (F1-3HayYeHHs:
0,95) i3 ginbTpauieto nyckoBux cTpMOKiB ABUryHa. KpuTuyHi BHYTpIlHI 3601 a3 aBuryHa
isontoBanucsa B mexax 1,1 cekyHan. JlokanbHuii koHBeep noTpebye nuvwe 47 Mc Ha OauWH
umkn poboTu, cnoxmeae meHwe 0,3 BT-roa/aeHb i BUKOPUCTOBYE TEH30PHY apeHy PO3MipoMm
6,8 Kb BcepeauHi onepaTMBHOI Nam’'aTi.

BucHoBku. NepeHeceHHs 6araTopiBHEBOI NPOrHO3HOI aHaniTMKM Ha MIKPOKOHTponepu
3 obmexeHMMM pecypcamm 3abesneyvye NnoBHy aBTOHOMIKO 0OpPO6KM AaHMX, MiIKPOCEKYHLAHWUIA
yac pearyBaHHsi Ha 3007 Ta edekTMBHe 306epexeHHsI NMPOMYCKHOI 304aTHOCTI Mepexi.
3anponoHoBaHa apxiTekTypa nepudepinHoro LI € xntresgaTHoO, eHeproedeKTUBHO Ta
MaclwTaboBaHO ANs PO3MNOAiNeHoro MNpPoMMCNoBOro obcnyroByBaHHS 6e3  xmapHoi
3anexHoCTi.

Knrouyoei cnoea: nepudpepiviHnuin LI, BuaBneHHa aHomanin, ESP32, INA219,
cnoxuBaHHs eHeprii, Tensorflow Lite.
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  x  ( t )


    x ˆ  ( t )


    L  p o i n t ( t )   =    | x  ( t ) −     x ˆ  ( t ) | .


    A  point  ( t ) ∈  { 0 , 1 }


    A  p o i n t  ( t ) =    {    1 ,     i f     L  p o i n t ( t ) >   𝜇  p t + 2   𝜎  p t   0 ,     o t h e r w i s e                                                     ,


    𝜇  p t


    𝜎  p t


  W =  {   x 1 ,   x 2 , … ,   x 5 }


    f 1   =   m e a n ( W )   =    1 5   ∑  i = 1 5    x  i ,


    f 2   =   s t d ( W )   =      [  1 5   ∑  i = 1 5      ( x  i −   f 1 ) 2 ]   1 2 ,


    f 3   =   m e a n ( W ) =    [ 5  ∑  i   x  i −  ∑  i  ∑    x  i ]   [ 5  ∑    i 2 −    (  ∑  i ) 2 ] .


  f =    [   f 1 ,   f 2 ,   f 3 ]  T


    A  a u t o _ a g g


    S  s c o r e   =  1 3     ∑  i = 2 4   |   x  i + 1 − 2   x  i +   x  i − 1 | .


    A  s m o o t h  


    S  s c o r e > 0 . 5


    V  s c o r e   =   s t d ( W )  m e a n ( W )   =       f 2    f 1 .


    A  s t a b i l


    V  s c o r e > 0 . 3


    A  a g g r e g a t i o n =   A  a u t o _ a g g ∨   A  s m o o t h ∨   A  s t a b i l


    g 1   =   m e a n (  | ∇ W | )   =    1 4   ∑  i = 1 4   |   x  i + 1 −   x  i | ,


    g 2   =   m e a n (  |  ∇ 2 W | ) ,


    g 3   =   v a r ( ∇ W ) ,


    g 4   =     N  z c ( ∇ W ) ,


    N  z c


  g =    [   g 1 ,   g 2 ,   g 3 ,   g 4 ]  T


    A  g r a d _ a e


    A  g r a d _ r t


    A  d i f f e r e n t i a l =   A  g r a d _ a e ∨   A  g r a   d  r t .


    A  w i n d o w  ( t ) =   A  a g g r e g a t i o n  ( w ) ∨   A  d i f f e r e n t i a l  ( w ) ,


  t ∈ w


    A  e n s e m b l e  ( t ) =  ⌊     A  p o i n t  ( t ) +   A  w i n d o w  ( t ) 2 ≥ 0 . 5 ⌋ .


    w  f ∈  [   m i n  f ,   m a x  f ]


  q ∈  [ − 128 ,   127 ]


  q = r o u n d  (     w  f  s ) + z ,           s =     m a x  f −   m i n  f 255 .


    A  e n s e m b l e  ( t )

