
Autonomous Sustainable Sensing
Nodes Based on Joint Design of Edge AI 

and Computational Waveform in
Industrial IoT
Xiaoli Sun
1School of Electrical Engineering, Gansu Vocational University of Industry Technology, Tianshui 741000, Gansu, China

Corresponding author: Xiaoli Sun (e-mail: 13893883986@163.com)

ABSTRACT Industrial IoT sensing nodes face a fundamental tension among limited energy budgets,
constrained computational resources, and growing demands for intelligent real-time sensing, which 

severely restricts the feasibility of large-scale autonomous deployment. To address this, a joint design 

framework is proposed that incorporates edge AI inference configuration and computational sensing 

waveform parameters into a unified energy consumption model. By explicitly establishing the coupling 

relationships among channel signal-to-noise ratio, lightweight neural network inference overhead, and 

energy harvesting constraints, a mixed-integer nonlinear programming objective function is constructed 

and solved via an alternating optimization algorithm that decomposes the original problem, enabling real-
time scheduling complexity to meet the processing capability constraints of embedded nodes. Experimental 

results demonstrate that the proposed scheme reduces average per-cycle node energy consumption by 

31.4% compared to a separated-design baseline, maintains sensing accuracy above 92.3% under dynamic 

industrial channel conditions, and achieves continuous power-on survival throughout a 72-hour validation 

period. Although the system maintained electrical viability, it experienced brief transitions into Minimum 

Survival Mode to prioritize energy replenishment, during which high-frequency sensing was temporarily 

suspended to prevent complete depletion.

INDEX TERMS industrial IOT, edge AI, computational waveform, joint optimization, energy harvesting

I. INTRODUCTION
HE rapid penetration of industrial IoT has made wire-T less sensing nodes the core sensing units of intelli-

continuous maturation of edge AI technology has endowed 

sensing nodes with local intelligent inference capabilities.
Lightweight neural networks represented by MobileNet 

variants and TinyML architectures can complete sensing 

tasks such as feature extraction, anomaly detection, and 

state recognition on resource-constrained microcontrollers,
converting large volumes of raw sampled data into high-
value semantic summaries before wireless transmission,
thereby substantially reducing the energy consumption of 

communication modules [4], [5]. However, there exists a 

strong coupling energy competition relationship between 

the dynamic computational power consumption of the AI 

inference module and the configuration of communication 

waveform parameters. When the two are designed indepen-
dently, each may achieve local optimality in its own metrics,
but the overall system energy efficiency performance is 

significantly sub-optimal. This fragmented design problem 

has not yet been systematically addressed in existing re-
search [6]. Computational sensing waveform design, as an 

emerging research direction in the field of communication–

gent manufacturing, equipment condition monitoring, and 

industrial automation systems. The continuously increas-
ing deployment density poses unprecedented comprehen-
sive challenges to node energy autonomy, computational 

intelligence, and communication reliability [1], [2]. Tra-
ditional sensing nodes rely primarily on fixed sampling 

strategies and simple threshold decisions, which are unable 

to adapt to complex and variable industrial environments 

and cannot support data-driven equipment health prediction 

and process optimization requirements. Frequent manual 

maintenance and battery replacement not only raise the full 

lifecycle operating costs of the system but also limit node 

deployment to areas accessible by personnel, excluding the 

most sensing-valuable locations in actual industrial sites 

such as high-temperature furnaces, sealed pipelines, and 

high-voltage electrical cabinets [3]. This limitation consti-
tutes a fundamental bottleneck constraining the evolution 

of industrial IoT in large-scale deployment scenarios. The computation collaboration, centers on using the node’s real-
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time computational load state as an explicit constraint in
waveform parameter optimization, so that subcarrier alloca-
tion, transmit power, and modulation order selection simul-
taneously satisfy channel quality requirements and computa-
tional resource limitations [7], [8]. Integrating this approach
with multi-source ambient energy harvesting mechanisms in
industrial sites allows the construction of a unified closed-
loop scheduling system across sensing, computation, and
communication domains, fundamentally resolving the au-
tonomous sustainable operation problem of sensing nodes.
This represents a core technical bottleneck that current
industrial IoT research urgently needs to break through [9],
[10]. In view of this, an autonomous sensing node scheme
based on joint design of edge AI inference configuration and
computational sensing waveform is proposed, systematically
addressing the above problems through mathematical mod-
eling, alternating optimization, and experimental validation.

II. SYSTEM MODEL OF INDUSTRIAL IOT SENSING
NODES
A. NODE FUNCTIONAL ARCHITECTURE AND UNIFIED
ENERGY CONSUMPTION MODELING
An industrial IoT sensing node consists of four functional
units: a sensing module, an edge AI inference module, a
communication module, and an energy management mod-
ule. The energy consumption of each unit during a working
cycle is mutually independent but shares the same on-
chip energy storage. The coordinated operation of these
four modules forms the basis for achieving autonomous
sustainable operation of the node. The node functional
architecture is shown in Fig. 1, which clearly marks the data
flow directions and energy allocation paths among the func-
tional units. The bidirectional feedback interface between
the inference module and the communication module is the
key connection point for joint optimization. Raw time-series
signals collected by the sensing module are processed by the
inference module for intelligent compression and semantic
extraction, then passed to the communication module in
the form of compact feature vectors. In this industrial con-
text, “semantic data” specifically refers to high-dimensional
compressed feature vectors and discrete classification labels
(e.g., equipment health status or anomaly type), which
represent the physical significance of the raw data while
reducing the transmission payload. The inference module
simultaneously feeds back the current computational power
consumption prediction to the energy management module,
providing a precise basis for real-time adjustment of wave-
form parameters.

 

 

 

 

 

 

 

 

 

 

 

transmit power Ptx, channel path loss, and target bit error
rate. The sensing module energy consumption Esense is
constrained by sampling frequency and sensor operating
mode. The energy management module energy consumption
Emgmt is relatively stable. The unified energy consumption

The total energy consumption Etotal of a node within
a single working cycle T is obtained by linearly super-
imposing the energy consumption of each module. The
inference module energy consumption Einf is closely related
to the floating-point operations (FLOPs) of the selected
neural network model and the dynamic power consumption
coefficient of the processor. The communication module
energy consumption Ecomm is jointly determined by the

model is expressed as:

Etotal = Ps ·ts+κ·(Fmodel+Fopt)·fcα+Ptx ·ttx ·L(d)+Emgmt.
(1)

where Ps is the operating power of the sensing module,
ts is the single sampling duration, κ is the processor energy
efficiency coefficient, Fmodel is the FLOPs per inference
task, Fopt is the computational overhead of the alternating
optimization algorithm itself, fc is the processor operating
clock frequency, α is the dynamic power consumption expo-
nent (ranging from 2 to 3, determined by chip process node),
Ptx is the RF transmit power, ttx is the single transmission
duration, and L(d) is the path loss factor related to the
distance d from the node to the gateway. This model incor-
porates AI inference overhead and communication overhead
into a unified energy consumption framework, revealing
the explicit coupling relationship between the two under
shared energy storage constraints, and laying a mathematical
foundation for precise modeling of the subsequent joint
optimization problem.

B. CHARACTERIZATION OF INDUSTRIAL CHANNEL
PROPERTIES
The wireless channel in industrial environments is subject
to the combined effects of mechanical vibration, metal
structure shadowing, high-temperature thermal radiation,
and burst electromagnetic interference, exhibiting typical
time-varying frequency-selective fading characteristics. The
channel coherence time is short, multipath components are
dense, and the amplitude statistical distribution deviates
from the standard Rayleigh model, better conforming to
the Nakagami-m distribution or the κ–µ generalized fad-
ing model. The channel coherence bandwidth Bc typically
ranges from tens to hundreds of kHz, far smaller than the
signal bandwidth of wideband systems, leading to significant
differences in channel gain among subcarriers. This complex
industrial channel environment requires the communication
waveform of sensing nodes to have strong resistance to mul-
tipath and burst interference, while maintaining sufficient
SNR margin under rapidly changing channel conditions to
ensure the integrity of semantic data transmission. Channel
gain estimation errors in industrial scenarios are generally
non-negligible and must be incorporated into the waveform
design as robustness constraints to handle imperfect CSI
conditions. This communication-side requirement directly
constrains the dynamic lower bound of transmit power,
forming a hard constraint that cannot be ignored in joint
design [11].

III. JOINT DESIGN OF EDGE AI AND COMPUTATIONAL
SENSING WAVEFORM
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FIGURE 1. Schematic diagram of the industrial IoT sensing node functional architecture

A. MODELING COMPUTATIONAL OVERHEAD OF
LIGHTWEIGHT INFERENCE MODELS
Lightweight neural network models deployed on sensing
nodes must complete industrial sensing tasks under lim-
ited on-chip computational resources (typical configuration:
SRAM 512 KB–1 MB, Flash 2 MB) and strict inference
latency constraints (generally required to be less than the
data reporting cycle, which typically aggregates results from
multiple sampling points). For the purpose of this study,
while the raw sampling occurs at 1 kHz, the inference is
triggered every 200 samples, setting a functional real-time
inference deadline of 200 ms. The trade-off between compu-
tational load and sensing accuracy for different lightweight
model architectures is shown in Table 1.

F
tinf

As shown in Table 1, INT8-quantized MobileNetV3-
Small achieves the best balance among FLOPs, inference
latency, and accuracy. Although SqueezeNet 1.1 has the
highest accuracy, its inference latency of 112.5 ms exceeds
the typical sampling cycle constraint and does not meet
real-time requirements. Therefore, MobileNetV3-Small is
suitable as the inference backbone network in the node’s
full-function mode, while TinyML-Custom serves as the
lightweight fallback for the energy-saving sensing mode.
The computational overhead modeling of inference models
adopts an operation-level decomposition method, separately
calculating the FLOPs of convolutional layers, depthwise
separable convolutional layers, and fully connected layers
and summing them with weights to obtain the total compu-
tation per inference Fmodel. Given the processor clock fre-
quency fc and the number of parallel computing units Npe,
the inference latency tinf and inference energy consumption
Einf are expressed as:

=
model

, Einf = Pidle ·T +(Pactive −Pidle) · tinf .
Npe · fc · η

(2)
where η is the actual computational efficiency coefficient

of the processor (0 < η ≤ 1, reflecting pipeline and cache
hit efficiency), and Pidle and Pactive are the processor idle
power and peak operating power, respectively. This model
reveals the piecewise linear relationship between inference
computation load and energy consumption, providing a
quantitative interface for subsequent joint optimization with
waveform parameters. It also demonstrates that dynamic
frequency scaling (reducing fc) can significantly reduce
inference energy consumption while tolerating a moderate
increase in latency—which is precisely the design motiva-
tion for computation–communication joint scheduling.

B. COMPUTATIONAL SENSING WAVEFORM
PARAMETERS AND POWER ALLOCATION
OPTIMIZATION
The core idea of computational sensing waveform is to use
the node’s current computational load state (quantified by
the remaining FLOPs budget and processor utilization) as
a dynamic feedback input for waveform parameter selec-
tion, so that the communication system no longer pursues
spectrum efficiency maximization in isolation, but instead
collaboratively minimizes communication energy consump-
tion while satisfying the computational requirements of
sensing tasks. The overall structure of the joint optimization
framework is shown in Fig. 2, where arrows indicate the
computational state feedback paths and the closed-loop
connection of waveform control, clearly illustrating the real-
time interaction mechanism between the computation sub-
module and the optimal waveform configuration submodule.
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TABLE 1. Comparison of computational parameters for different lightweight inference models

Model Name FLOPs (M) Parameters (K) INT8 Quantized Inference Latency (ms) Sensing Accuracy (%)

MobileNetV3-Small 56 2,540 18.3 93.1
ShuffleNetV2-0.5× 41 1,370 13.7 91.4
TinyML-Custom 28 890 8.6 87.9
SqueezeNet 1.1 349 1,240 112.5 94.3

FIGURE 2. Schematic diagram of the joint optimization framework for edge AI and computational sensing waveform

The multi-subcarrier architecture based on orthogonal fre-
quency division multiplexing (OFDM) has flexible subcar-
rier allocation and adaptive power water-filling capabilities,
making it an ideal carrier for implementing computational
sensing waveform optimization [12]. Nodes can dynamically
activate a subset of subcarriers according to real-time com-
putational load: when the inference module’s computational
load is heavy, the number of active subcarriers Nsub and
transmit power Ptx are reduced, allocating more energy
budget to the inference module; when the computational
load is light, full subcarrier transmission is restored to
improve data throughput. On the Nsub active subcarriers,
the water-filling theorem gives the optimal subcarrier power
allocation strategy, such that the power allocated to each
subcarrier Pn satisfies:

Pn
∗ =

(
µ− N0

|H

)+

|n 2
,

Nsub∑
Pn

∗ = Ptx

n=1

. (3)

strategy enables the communication side to complete se-
mantic data transmission at minimum power cost under
any computational load condition, thereby returning the
compressed energy margin to the inference module and
forming a positive closed loop of cross-domain energy
coordination. When there are estimation errors in industrial
channel CSI, a robust power margin δ (typically 1.5 times
the variance of channel estimation error) can be introduced
into equation (3) to compensate for the effect of imperfect
CSI on communication reliability, ensuring that the actual

where µ is the Lagrange multiplier satisfying the total
power constraint, N0 is the noise power spectral density,
Hn is the complex channel gain of the n-th subcarrier,
and (·)+ denotes the non-negative part. For subcarriers
with smaller channel gain |Hn|2, the power allocation
result is zero, i.e., they are excluded from the active set.
This combination of channel-adaptive water-filling power
strategy and computation-load-driven subcarrier activation

SNR always satisfies the lower bound constraint.

C. JOINT OBJECTIVE FUNCTION CONSTRUCTION AND
ALTERNATING OPTIMIZATION SOLUTION
The joint optimization problem takes minimization of the
total energy consumption per node cycle as the objective,
while imposing sensing task accuracy constraints, channel
quality constraints, and energy balance constraints. The
complete objective function is expressed as:

min Etotal(Ptx, fc, Nsub)
Ptx,fc,Nsub

s.t. Acc(Fmodel) ≥ Accmin,

SNR(Ptx, Nsub) ≥ SNRmin,

Eharvest ≥ Etotal.

(4)

where Accmin is the minimum accuracy threshold for the
sensing task, SNRmin is the minimum SNR requirement
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for ensuring communication reliability, and Eharvest is the
available energy collected by the node from the environment
during the current cycle. The above constraints couple
the waveform optimization variables (Ptx, Nsub) with the
computation scheduling variable (fc), making the original
problem a mixed-integer nonlinear programming (MINLP)
problem. Directly solving it results in computational com-
plexity that grows exponentially with the dimension of
decision variables, making real-time deployment on em-
bedded platforms infeasible. To address this, an alternating
optimization algorithm based on continuous relaxation is
adopted to decompose the original problem into two convex
subproblems—a waveform optimization subproblem and a
computation scheduling subproblem—solved alternately: in
each iteration, the decision variables of one subproblem are
fixed and the interior point method is applied to find the
optimal solution for the other, with the two subproblems
alternating until convergence [13], [14]. The convergence
characteristics of the alternating optimization algorithm un-
der different initial conditions are shown in Fig. 3. From
Fig. 3, it can be observed that the objective function value
exhibits a monotonically decreasing trend throughout the
iteration process and stably converges to a plateau near the
8th iteration. Different initial points ultimately converge to
similar objective function values, indicating that the algo-
rithm is insensitive to initialization schemes and possesses
strong robustness.

The convergence condition is set as the change in the
objective function between adjacent iterations falling below
the threshold ε = 10−4. Simulation experiments verify that
the algorithm converges stably within 10 iterations, with a
single scheduling computation time below 5 ms, satisfying
the latency constraint for real-time node scheduling. The
deviation from the exhaustive search optimal solution does
not exceed 2.1%. This trade-off between computational
complexity and solution quality makes the alternating opti-
mization scheme feasible for real-time deployment on ARM
Cortex-M7-class embedded platforms. The computational
load for completing an optimization update within a single
scheduling cycle is only approximately 0.3% of the total
FLOPs of the inference module, and its impact on overall
system energy consumption is negligible.

IV. AUTONOMOUS SUSTAINABLE ENERGY
MANAGEMENT MECHANISM
A. MULTI-SOURCE ENERGY HARVESTING AND
HYBRID ENERGY STORAGE MODEL
Industrial sites contain abundant exploitable ambient en-
ergy, including mechanical vibration energy from equipment
(converted via piezoelectric transducers), thermal gradi-
ent energy (converted via thermoelectric generators), and
ambient RF radiation energy (converted via rectenna). A
comparison of the typical output power of the three energy
harvesting methods is shown in Table 2.

ronments, while thermoelectric harvesting is most reliable in
pipeline environments with stable temperature differentials.
A multi-source fusion architecture can significantly improve
the stability of the node’s energy acquisition under different
operating conditions. The node energy management module
dynamically configures the weights of the three harvesting
sources based on environmental sensing results to maximize
the available energy per cycle Eharvest. Unlike idealized
linear superposition models, this framework accounts for
the environmental coupling effect where high mechanical
vibrations often correlate with increased ambient tempera-
ture. Such thermal saturation can reduce the effective tem-
perature gradient (∆T ) for thermoelectric generators. There-
fore, the weight allocation algorithm introduces a cross-
source sensitivity coefficient to penalize the expected TEG
output when vibration levels exceed a specific threshold,
ensuring realistic energy harvesting estimation. The energy
storage unit adopts a hybrid topology of supercapacitors
and thin-film lithium batteries: supercapacitors handle high-
frequency energy fluctuations (response time < 1 ms),
while thin-film lithium batteries provide long-term energy
buffering (self-discharge rate < 1%/month). The two work
together to ensure the node’s continued operation during
interruptions in energy harvesting. Short-term prediction of
Eharvest can be further achieved through historical power
curve learning, providing predictive basis for the energy

As shown in Table 2, vibration energy harvesting has the
highest power density in heavy-machinery industrial envi-

management module’s forward-looking scheduling [15].

B. HIERARCHICAL DYNAMIC TASK SCHEDULING
STRATEGY
The dynamic task scheduling strategy uses the node’s cur-
rent stored energy state Estored as the core scheduling
basis, divided into three operating state intervals. The node
configuration parameters under the three operating states are
shown in Table 3. Each state has clearly differentiated con-
figurations for key parameters such as transmit power, num-
ber of subcarriers, inference model, and sampling frequency,
enabling graded trade-offs between energy consumption and
sensing performance.

As shown in Table 3, in full-function mode, the node
operates at maximum specification, covering 512 active
subcarriers and a high-accuracy inference model. Energy-
saving sensing mode compresses active subcarriers to 128
and sampling frequency to 500 Hz, reducing communica-
tion and computation energy consumption to approximately
35% of full-function mode while maintaining basic sensing
capability. Minimum survival mode maintains only a basic
heartbeat signal broadcast and energy harvesting module
operation, ensuring the node’s survivability under extreme
energy scarcity. The switching among the three states is trig-
gered by the energy management module through real-time
monitoring, without requiring external control command
intervention, achieving fully autonomous node operation.
Thresholds EH and EL are determined through offline
learning from historical energy harvesting statistics and
updated every 24 hours after the node goes online to adapt to
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FIGURE 3. Convergence curves of the alternating optimization algorithm under different initial conditions

TABLE 2. Comparison of typical output power for three energy harvesting methods

Energy Type Transduction Principle Typical Power
Density

Optimal Industrial Application Scenario Output Stability

Mechanical Vibration Piezoelectric Effect 2–5 mW Heavy machinery, rotating equipment Moderate (depends on operating
state)

Thermal Gradient Seebeck Effect 0.5–2 mW Industrial pipelines, heat treatment High (when temperature
equipment difference is stable)

RF Radiation Rectenna 0.1–0.5 mW Near-field zone of wireless base stations Low (affected by distance and
obstruction)

TABLE 3. Node configuration parameters and switching conditions for three operating states

Operating State Trigger Condition Active
Subcarriers

Inference Model Sampling Frequency Max Transmit Power

Full-function Mode
Energy-saving Sensing Mode
Minimum Survival Mode

512 MobileNetV3-Small 1 kHz 20 dBm
128 TinyML-Custom 500 Hz 10 dBm

Estored > EH

EL < Estored ≤ EH

Estored ≤ EL 16 — — 0 dBm

changes in operating conditions. This hierarchical schedul-
ing strategy maintains the effective full-function sensing
time ratio above 70% under target operating conditions
while ensuring uninterrupted node operation [16].

scheme with fixed waveform parameters and independent in-
ference scheduling (Baseline A), and an adaptive waveform
scheme without inference computation joint optimization
(Baseline B). Evaluation metrics include average per-cycle
energy consumption, sensing accuracy, and node continuous
operating duration. Experimental data collection lasted 72
hours to fully cover the dynamic energy fluctuation cycle
of the industrial site and ensure the representativeness of

V. EXPERIMENTAL VALIDATION AND PERFORMANCE
ANALYSIS
A. EXPERIMENTAL ENVIRONMENT AND PARAMETER
CONFIGURATION
The experiment was conducted in a semi-enclosed test
environment simulating an industrial site. The node hard-
ware platform uses the STM32H7 series microcontroller
based on ARM Cortex-M7 (maximum clock frequency 480
MHz) paired with a 2.4/5 GHz dual-band RF module.
The energy harvesting unit uses a dual-source configuration
of piezoelectric patches (MFC type, resonant frequency
120 Hz) and Bi2Te3-based thermoelectric patches. Key
experimental parameters are shown in Table 4. Comparison
baseline schemes include a traditional separated design

statistical results.

B. RESULTS ANALYSIS
The comparison of average per-cycle node energy consump-
tion among the three schemes under light, medium, and
heavy computational load conditions is shown in Fig. 4.
The average energy consumption of the joint design scheme
is 1.23 mJ, 1.87 mJ, and 2.56 mJ, respectively, represent-
ing reductions of 31.4%, 28.7%, and 26.2% compared to
Baseline A, and 14.8%, 12.3%, and 9.6% compared to
Baseline B. The energy-saving effect is most pronounced
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TABLE 4. Experimental parameter configuration

Parameter Name Value

Channel Model Nakagami-m (m = 2)
Number of Nodes 8
Sampling Frequency 1 kHz
Carrier Type OFDM, 512 subcarriers
Subcarrier Spacing 15 kHz
Maximum Transmit Power 20 dBm
Inference Model MobileNetV3-Small (INT8)

10−Algorithm Convergence Threshold ε 4

Simulated Vibration Acceleration 1.5 g
Simulated Temperature Difference 15 K
Experiment Duration 72 h

FIGURE 4. Comparison of average per-cycle energy consumption of the three
schemes under different computational load conditions

under light load conditions. The underlying reason is that
the joint optimization fully exploits the flexible compression
space of waveform parameters when inference computation
load is low, converting originally idle communication power
margin into stored energy to extend autonomous operation
during subsequent high-load conditions. As computational
complexity further increases toward extreme loads, the rela-
tive energy-saving marginal benefit may gradually diminish.
However, the joint design remains necessary because it
prevents the node from violating the total energy budget
Etotal < Eharvest, ensuring system survivability even when
communication and computation resources are in peak
competition—a constraint that separated design baseline
fails to accommodate. In contrast, Baseline A maintains a
fixed maximum transmit power configuration under light
load and cannot transfer surplus communication power
budget to energy storage, leading to systematic waste of
energy utilization efficiency.

among the three schemes narrows to within 2 percentage
points, indicating that under sufficient channel conditions,
the communication module is no longer the bottleneck for
sensing performance, and inference model configuration
is the dominant factor determining accuracy. This pattern
indirectly confirms the significant advantage of the joint
design framework in scenarios of dynamic industrial channel
degradation, and validates the correctness of the design
approach of collaboratively adjusting communication wave-

The variation trend of sensing accuracy with channel
SNR for the three schemes is shown in Fig. 5. In the SNR
range of 5–20 dB, the joint design scheme stably maintains
accuracy above 92.3%, higher than Baseline A’s 87.1% and
essentially on par with Baseline B. When SNR falls below
8 dB, the joint design scheme dynamically increases the
number of active subcarriers and transmit power to combat
channel degradation, whereas Baseline A, with its fixed
waveform parameters, cannot respond accordingly, causing
its accuracy to drop by 8.5 percentage points in the low-SNR
range. When SNR exceeds 16 dB, the accuracy difference

forms and inference models.
The comprehensive performance comparison among the

three schemes is shown in Table 5, covering three dimen-
sions: energy consumption, accuracy, and full-function time
ratio.

As shown in Table 5, Baseline B, by introducing an
adaptive waveform mechanism, achieves better energy con-
sumption and accuracy than Baseline A, but still falls 6.4
percentage points below the joint design scheme in terms of
full-function time ratio. This gap originates from the explicit
modeling of inference computation power consumption and
the collaborative compression of waveform parameters in
the joint design scheme, enabling the node to reserve
more energy margin for full-function mode under equiva-
lent operating conditions. Regarding continuous operating
duration, the autonomous sustainable mechanism based on
multi-source energy harvesting and hierarchical scheduling
enabled all 8 nodes to achieve uninterrupted autonomous
operation throughout the 72-hour test period. The average
number of state downgrade switching events per node was
3.2, with all nodes automatically recovering to full-function
mode after energy replenishment, validating the consistent
effectiveness of the proposed energy management strategy
across nodes under varying operating conditions.
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FIGURE 5. Comparison curves of sensing accuracy versus SNR for the three schemes

TABLE 5. Comprehensive performance comparison of the three schemes

Scheme Light Load Energy (mJ) Medium Load Energy (mJ) Heavy Load Energy (mJ) Average Accuracy (%) Full-function Time
Ratio (%)

Joint Design Scheme 1.23 1.87 2.56 92.3 73.6
Baseline A (Separated Design) 1.79 2.62 3.47 87.1 58.4
Baseline B (Adaptive Waveform) 1.44 2.13 2.81 91.8 67.2
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VI. CONCLUSION
Targeting the sub-optimal system energy efficiency caused
by the independent design of edge AI inference and wireless
communication in industrial IoT sensing nodes, a joint
design method is proposed that incorporates edge AI com-
putational overhead modeling and computational sensing
waveform parameter optimization into a unified framework.
A unified energy consumption model covering sensing,
computation, and communication subsystems is established.
A dynamic waveform parameter optimization mechanism
based on computational load state and a water-filling power
allocation strategy are designed. Combined with multi-
source energy harvesting and hierarchical task scheduling,
fully autonomous node operation is achieved. Experimental
validation demonstrates that the joint design scheme reduces
average energy consumption by approximately 31.4% com-
pared to the separated design baseline, maintains sensing ac-
curacy above 92.3% under dynamic industrial channels, and
the 72-hour uninterrupted autonomous operation validates
the reliability of the proposed energy management strategy.
Future research will extend the distributed joint optimization
framework to multi-node collaborative scheduling scenarios,
and introduce more refined energy harvesting prediction
models for composite conditions involving wide temperature
differences and strong vibration, to further improve the
engineering applicability of the scheme in extreme industrial
environments.
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