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ABSTRACT 

Background. Industrial IoT 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 AI framework 
provides a highly viable, energy-efficient, and scalable solution for distributed industrial 
predictive maintenance without cloud dependency. 

Keywords: edge AI, 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 AI, 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 I2C 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: 

• 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. 

• 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 μs, so faster sampling would mostly add I2C 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 ReLU 
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  

 

Fig. 1. Structural flowchart of the multi-tiered edge AI anomaly detection architecture 
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reconstructed value 𝑥̂(𝑡). The localized anomaly score is determined by the Mean Absolute 
Error (MAE): 

 𝐿𝑝𝑜𝑖𝑛𝑡(𝑡)  =  |𝑥(𝑡) − 𝑥̂(𝑡)|. (1) 

The pointwise anomaly trigger 𝐴point(𝑡) ∈ {0,1} evaluates as: 

 𝐴𝑝𝑜𝑖𝑛𝑡(𝑡) =  {
1, 𝑖𝑓 𝐿𝑝𝑜𝑖𝑛𝑡(𝑡) > 𝜇𝑝𝑡 + 2𝜎𝑝𝑡

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                          
, (2) 

where 𝜇𝑝𝑡 and 𝜎𝑝𝑡 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 = {𝑥1, 𝑥2, … , 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: 

 𝑓1  =  𝑚𝑒𝑎𝑛(𝑊)  =  
1

5
∑ 𝑥𝑖

5

𝑖=1

, (3) 

 𝑓2  =  𝑠𝑡𝑑(𝑊)  =  [
1

5
∑(𝑥𝑖 − 𝑓1)2

5

𝑖=1

]

1 2⁄

, (4) 

 𝑓3  =  𝑚𝑒𝑎𝑛(𝑊) = [5 ∑ 𝑖𝑥𝑖 − ∑ 𝑖 ∑ 𝑥𝑖] [5 ∑ 𝑖2 − (∑ 𝑖)
2

] .⁄  (5) 

The vector 𝑓 = [𝑓1, 𝑓2, 𝑓3]𝑇 is processed by a specialized structured autoencoder, 

yielding a binary trigger 𝐴𝑎𝑢𝑡𝑜_𝑎𝑔𝑔. 

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

 𝑆𝑠𝑐𝑜𝑟𝑒  =
1

3
 ∑|𝑥𝑖+1 − 2𝑥𝑖 + 𝑥𝑖−1|

4

𝑖=2

. (6) 

An anomaly state 𝐴𝑠𝑚𝑜𝑜𝑡ℎ  triggers if 𝑆𝑠𝑐𝑜𝑟𝑒 > 0.5. 

Stability Assessment tracks the coefficient of variation to catch erratic load shifts: 

 𝑉𝑠𝑐𝑜𝑟𝑒  =
𝑠𝑡𝑑(𝑊)

𝑚𝑒𝑎𝑛(𝑊)
 =  

𝑓2

𝑓1
. (7) 
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The anomaly state 𝐴𝑠𝑡𝑎𝑏𝑖𝑙 triggers if 𝑉𝑠𝑐𝑜𝑟𝑒 > 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: 

 𝑔1  =  𝑚𝑒𝑎𝑛(|∇𝑊|)  =  
1

4
∑|𝑥𝑖+1 − 𝑥𝑖|

4

𝑖=1

, (9) 

 𝑔2  =  𝑚𝑒𝑎𝑛(|∇2𝑊|), (10) 

 𝑔3  =  𝑣𝑎𝑟(∇𝑊), (11) 

 𝑔4  =  𝑁𝑧𝑐(∇𝑊), (12) 

where 𝑁𝑧𝑐 is the zero-crossing frequency of the first derivative. This feature vector  

𝑔 = [𝑔1, 𝑔2, 𝑔3, 𝑔4]𝑇 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 𝐴𝑔𝑟𝑎𝑑_𝑟𝑡. 

The total differential output is mapped as: 

 𝐴𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑡𝑖𝑎𝑙 = 𝐴𝑔𝑟𝑎𝑑_𝑎𝑒 ∨ 𝐴𝑔𝑟𝑎𝑑𝑟𝑡
. (13) 

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), (14) 

where point 𝑡 ∈ 𝑤 [6]. The centralized ensemble decision is evaluated as: 

 𝐴𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒(𝑡) = ⌊
𝐴𝑝𝑜𝑖𝑛𝑡(𝑡) + 𝐴𝑤𝑖𝑛𝑑𝑜𝑤(𝑡)

2
≥ 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 𝑤𝑓 ∈ [𝑚𝑖𝑛𝑓 , 𝑚𝑎𝑥𝑓] onto signed 8-bit boundaries 𝑞 ∈ [−128, 127] using scale 

factor s and zero-point offset z: 

 𝑞 = 𝑟𝑜𝑢𝑛𝑑 (
𝑤𝑓

𝑠
) + 𝑧,     𝑠 =

𝑚𝑎𝑥𝑓 − 𝑚𝑖𝑛𝑓

255
. (16) 



 Roman Korostenskyi 

136 Electronics and Information Technologies • 2026 • Issue 35 

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 AI 
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 (μ, σ) 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 𝐴𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒(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 428 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 157 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 AI 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 AI 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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РАННЄ ВИЯВЛЕННЯ АНОМАЛІЙ У СПОЖИВАННІ ЕНЕРГІЇ ЗА 

ДОПОМОГОЮ ПЕРИФЕРІЙНОГО ШТУЧНОГО ІНТЕЛЕКТУ 

Роман Коростенський 
Кафедра радіоелектронних і комп’ютерних систем, 

Львівський національний університет імені Івана Франка, 
вул. Драгоманова, 50, Львів, 79005, УКРАЇНА 

АНОТАЦІЯ 

Вступ. Промислові інфраструктури Інтернету речей потребують периферійних 
систем прогнозного обслуговування для запобігання аварійним зупинкам обладнання. 
Традиційний хмарний моніторинг викликає перевантаження каналів зв'язку, має високу 
вартість зберігання даних та значну затримку їх передачі. Ця робота спрямована на 
перенесення діагностики безпосередньо на периферію мережі за допомогою модуля 
на базі мікроконтролера ESP32 для виявлення аномалій у споживанні енергії в 
реальному часі.  

Матеріали та методи. Автономну архітектуру периферійних обчислень 
розроблено шляхом інтеграції 32-бітного двоядерного мікроконтролера ESP32 із 
прецизійною схемою моніторингу потужності INA219. Для усунення пропусків 
опитування в процесі роботи нейронної мережі архітектура вбудованого ПЗ 
використовує планувальник реального часу FreeRTOS для розподілу операцій: ядро 
Core 0 обробляє вибірку даних сенсора на частоті 100 Гц, тоді як ядро Core 1 виконує 
багаторівневий ансамбль голосування машинного навчання. Ансамбль поєднує шість 
паралельних аналітичних конвеєрів, розділених на три шари: одновимірний глибокий 
автокодувальник, повністю квантований до 8-бітних цілих чисел зі знаком (int8) для 
щохвилинного відстеження похибки реконструкції, а також модулі ковзного 5-
хвилинного віконного агрегування та диференціального аналізу, призначені для 
одночасного оцінювання статистичних профілів сигналу, метрик гладкості, 
коефіцієнтів варіації та зсувів градієнта. 

Результати. Апаратні експерименти на крокових двигунах, вентиляторах 
постійного струму та резистивних елементах підтвердили високу чутливість системи 
до збоїв. Точковий квантований автокодувальник забезпечив 100% рівень виявлення 
раптових коротких замикань із затримкою сповіщення у 42 секунди. Поступові 
параметричні дрейфи відстежувалися з точністю 98% та повнотою 92% (F1-значення: 
0,95) із фільтрацією пускових стрибків двигуна. Критичні внутрішні збої фаз двигуна 
ізолювалися в межах 1,1 секунди. Локальний конвеєр потребує лише 47 мс на один 
цикл роботи, споживає менше 0,3 Вт·год/день і використовує тензорну арену розміром 
6,8 КБ всередині оперативної пам’яті. 

Висновки. Перенесення багаторівневої прогнозної аналітики на мікроконтролери 
з обмеженими ресурсами забезпечує повну автономію обробки даних, мікросекундний 
час реагування на збої та ефективне збереження пропускної здатності мережі. 
Запропонована архітектура периферійного ШІ є життєздатною, енергоефективною та 
масштабованою для розподіленого промислового обслуговування без хмарної 
залежності. 

Ключові слова: периферійний ШІ, виявлення аномалій, ESP32, INA219, 
споживання енергії, Tensorflow Lite. 
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