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Abstract—Low-cost edge and IoT clusters increasingly rely
on commodity hardware and shared power infrastructure, yet
the impact of power delivery degradation on distributed system
performance remains poorly understood. In this work, we present
a performance characterization of a large-scale Raspberry Pi 3B+
cluster, focusing on 451 devices organized into 12 shared-power
domains (subclusters), with uneven device counts per subcluster.
We observe systematic power-induced throttling behavior man-
ifesting as three repeatable device classes, unthrottled, volatile,
and throttled, introducing substantial heterogeneity in execution
performance. This heterogeneity introduces unreliable execution
delays affecting scheduling and capacity planning for distributed
IoT workloads.

We develop a profiling and modeling methodology to predict
power-domain performance without exhaustively profiling all
devices or concurrency configurations. By aligning throttling
regimes across devices, we show throttling dynamics follow
consistent piecewise-linear patterns from which we construct
multivariate piecewise-linear models to capture these regimes.
We further demonstrate that profiling only three representative
power domains is sufficient to accurately predict performance
for the remaining domains, reducing profiling complexity from
exponential in concurrency configurations to constant-factor
sampling. Our results show power infrastructure degradation
should be treated as a first-class uncertainty source in distributed
IoT systems and scalable performance prediction is feasible even
in large, low-cost, and aging edge clusters.

I. INTRODUCTION

Low-cost, resource-constrained hardware platforms are
increasingly used to construct large-scale edge and IoT
computing clusters for research, education, and emerging
deployments [1], [2], [3], [4], [5]. These systems prioritize
affordability (often through long-term amortization) and com-
pute density. IoT cluster deployments often utilize cheap,
linux-capable, single board computing devices like Raspberry
Pis, Jetson Nanos, or BeagleBones, for programmability and
rely on consumer-grade componentry for power delivery.
This is in contrast to datacenters where power delivery is
carefully engineered and monitored. Moreover, these platforms
dynamically scale voltage and frequency in response to
power instability [6]. If the power delivery is variable or
below operating specification, these systems exhibit significant
performance reductions.

This power-induced performance variability is particularly
problematic for edge clusters. Edge clusters increasingly
support time-sensitive distributed IoT applications, including
sensor data aggregation, distributed analytics, and cyber-
physical control loops, where predictable execution timing
is required for synchronization and correctness. However,
many IoT deployments operate in environments with ag-

ing, shared, or opportunistic power infrastructure and lack
fine-grained power monitoring or management. As a result,
operators and researchers lack tools to reason about how
power-delivery affects observable application performance,
complicating scheduling, capacity planning, and experimental
reproducibility. Unsurprisingly, experimental evaluations in the
literature frequently disable dynamic voltage and frequency
scaling (DVFS) and other power management mechanisms to
reduce performance unreliability and improve experimental
repeatability [7], [8], [1], [9], [10], thereby masking power-
induced performance effects intrinsic to many practicable
deployments. A scalable methodology to characterize and
predict power-induced performance variability is therefore
essential for managing large-scale IoT and edge platforms.

In this paper, we present a performance characterization of a
large-scale Raspberry Pi 3B+ cluster (originally constructed in
2019 for remote deployment) with 451 devices, organized into
12 subclusters, with uneven device counts per subcluster, where
each subcluster shares a commodity 60A/300W USB power
supply. The Linux installed on the devices is configured for
minimal power draw (i.e. all unused subsystems are powered
down by the kernel) and each subcluster draws power within
operational range of the individual Raspberry pi 3B+ devices
(1.4A - 2.5A and 4.63V - 5V [11], [12]).

Each subcluster represents a power domain, analogous to
a rack-level power domain in datacenters. As part of its
operation, we observe systematic power-induced performance
degradation as “CPU throttling” rather than a power-off
shutdown. Specifically, when a device detects supplied voltage,
through the USB interface, falls below a threshold, the device
reduces the system clock speed to a “safe” minimum speed to
avoid electrical damage. As computational speed of a device
(i.e. cycles per second) is proportional to the clock speed, a
throttled device is slower than an unthrottled one.

When executing a compute-intensive workload, devices
in this cluster exhibit three repeatable responses to the
power conditions: some devices never throttle, some devices
intermittently throttle depending on neighboring device activity,
and some devices always throttle. We have studied this edge
cluster since 2023 and these device behaviors are either
consistent or slowly changing (see Section V). We refer to
the characterization of power-response as Pi personalities and
term the personalities as unthrottled, volatile, and throttled,
respectively. This heterogeneity of performance introduces
unreliable execution across devices, affecting synchronization,
aggregation, and scheduling in distributed IoT workloads.

To address these challenges, we make two principle con-



tributions. First, we develop a profiling methodology, used
exhaustively throughout the cluster, to generate measurements
and assign Pi personalities to each device. Secondly, we develop
a modeling methodology (that relies on a reduced profiling
requirement) to determine the effects of Pi personalities on
CPU-bound workloads more scalably.

We present (in Section III) the classification profiling
measurements for Pi personalities, and provide evidence
supporting the investigation of a particular modeling approach.
In Section IV we detail how different models suggested by this
approach “fit” the Pi personality data (using R2 and Bayesian
Information Criteria [13]), and compare their predictive power
using a reduced, scalably collected, profile.

Our results indicate only three representative power domains
profiles (subclusters with the minimum, median, and maximum
active and functional device counts) are sufficient to accurately
predict performance for the remaining subclusters. Holdout val-
idation shows the modeling approach achieves low prediction
error while reducing profiling complexity from exponential in
concurrency configurations to constant-factor sampling.

More generally, by characterizing power-induced unreliabil-
ity and providing a scalable predictive methodology, this work
contributes empirical insights and practical tools for managing
large-scale commodity edge clusters. In this vein, this paper
makes the following more specific contributions:

• We present a large-scale empirical characterization of
power-induced performance degradation for an aging
Raspberry Pi cluster;

• We introduce a behavioral taxonomy of edge devices un-
der shared power constraints, identifying three repeatable
throttling classes (unthrottled, volatile, throttled);

• We explore a family of linear predictive models and
develop a multivariate piecewise-linear model that predicts
throttling operational regimes;

• We propose and validate a sparse profiling methodology
(with this model) to predict subcluster performance by
profiling only three representative power domains, achiev-
ing near-optimal estimations with minimal measurement
overhead; and

• Representative profiling data and traces available at
https://github.com/MAYHEM-Lab/rpi throttle dataset

Overall, our results indicate power infrastructure degradation
should be treated as a first-class uncertainty source in dis-
tributed IoT systems, and scalable performance modeling is
feasible even in large, low-cost edge clusters.

II. RELATED WORK

Low-cost single-board computers such as Raspberry Pi are
widely used to construct edge and IoT computing testbeds
for research and education [2], [14], [15], [5]. Prior work
has explored the use of Raspberry Pi clusters for distributed
computing, federated learning, sensor data processing, and
cyber-physical systems experimentation [16], [17], [18], [19].
These platforms offer a cost-effective alternative to traditional
datacenter infrastructure but typically rely on commodity power
and networking hardware. To obtain stable and repeatable

measurements, many studies intentionally pin CPU frequency
or disable DVFS [7], [8], [1], [9], [10]. While these studies
demonstrate the feasibility of large-scale edge clusters, they
generally assume stable power delivery and do not examine
how to handle power-induced performance effects – that are
intrinsic to and critical for using real-world deployments.

Infrastructure degradation studies are common in hardware
reliability and storage systems research [20], [21], [22], but
are rare in edge and IoT computing contexts. Most existing Pi
cluster studies evaluate freshly deployed hardware over short
time horizons. Our study provides a characterization of a large-
scale, long-serving cluster infrastructure that reveals systematic
power-induced performance degradation and emergent behav-
ioral classes. This perspective is critical for understanding
real-world IoT and edge deployments, which often operate for
extended periods with minimal maintenance.

Power-aware computing has been extensively studied in
datacenter and mobile systems, where voltage and frequency
scaling (DVFS) is used to manage energy consumption and
thermal constraints [6], [23], [24]. In edge and IoT systems,
several studies have characterized power consumption and
energy efficiency of single-board computers under varying
workloads [1], [9]. However, prior work largely treats power
as a controllable resource or a static constraint, rather than a
degradable shared infrastructure that introduces heterogeneous
and non-deterministic performance behavior across devices.

Predicting system performance has been studied in the
context of datacenter scheduling, cloud resource management,
and edge orchestration [25], [26], [27]. Regression models,
piecewise-linear models, and machine learning-based predictors
have been used to estimate execution time and resource
contention effects [28], [25], [26], [7]. These approaches
assume homogeneous and stable infrastructure or require
exhaustive profiling of system configurations [29]. In contrast,
our work develops a multivariate piecewise-linear model that
captures concurrency-dependent throttling regimes in degraded
shared-power domains and demonstrates accurate prediction
with sparse profiling of only a small subset of power domains.

To the best of our knowledge, this work is the first to
empirically characterize power-induced performance degrada-
tion in a large-scale edge cluster and to provide a scalable
predictive modeling methodology for degraded shared-power
domains. We next present our taxonomy and characterization
methodology.

III. PI PERSONALITIES

We begin by characterizing power-induced performance
variability exhibited by the individual Raspberry Pi machines
comprising a large-scale (and aging) cluster. We describe the
cluster and power-domain layout, present our benchmarking
methodology, and analyze how concurrency influences exe-
cution time and voltage throttling. From these measurements,
we derive a taxonomy of device throttling behaviors and a
methodology for categorizing the behaviors according to the
taxonomy. This methodology provides the empirical foundation
for the predictive models introduced in the final subsection.
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Fig. 1: Pi Personalities per subcluster. Figure shows the device
counts for each personality type in the subclusters under study.

We consider 451 Raspberry Pi 3B+ devices, a large scale
cluster constructed in 2019 for edge deployment. Subclusters
of devices share a commodity 60A/300W USB power supply;
we consider each of 12 subclusters as a separate power domain.
Each subcluster consists between 25 and 42 active working
devices (failed devices are powered off). Each Raspberry Pi
has 4 cores at 1.4GHz, 1GB RAM, with operational range of
current, 1.4A - 2.5A, and voltage, 4.63V - 5V [11], [12].

The Raspberry Pi 3B+ dynamically imposes internal clock
limits designed to slow down the CPU in an attempt to save
the device from operating under potentially harmful conditions
such as high temperatures or unstable power supplies. We
focus on the latter in this paper as the cluster is housed in
a temperature-controlled setting, and observe no temperature
triggered throttling events. To protect against unstable power
delivery, the device automatically adjusts CPU frequency from
1.4GHz to 0.6GHz when the internally-measured CPU voltage
is < 4.63V, with a ±5% error in measurement [12]. We monitor
dynamic voltage and frequency scaling (DVFS) every second
(on average) using vcgencmd, which reports voltage and
frequency changes with corresponding throttling causes.

To profile each subcluster, we construct two compute-bound
stress tests using a single, compute-bound microbenchmark.
Using a compute-bound microbenchmark isolates the effects
of CPU load on throttling behavior. We use 600x600 matrix
multiplication (MM) written in C for the microbenchmark. MM
is a compute-bound workload with predictable instruction and
memory access patterns, enabling controlled characterization of
voltage-induced clock frequency scaling. As such, it provides
a measurement of application-delivered device performance
usable by schedulers to allocate tasks under power-domain
constraints caused by throttling. While real workloads may
exhibit additional contention in memory (e.g. due to paging)
and network subsystems, we have not observed voltage scaling
triggered by such subsystems and leave exploring memory-
and network-intensive workloads to future work.

The individual stress test runs four MM microbenchmark
jobs (one per core) 30 times on each device, one-at-a-time.
During this test, the other functioning devices in the subcluster
are powered on but idle. The second, maximal, stress test runs
four MM jobs 30 times on all devices (running concurrently)
in the same subcluster. We log DVFS throttling events as
described above for both stress tests. To capture the impact
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Fig. 2: Fraction of time each node spent in throttled state (throt-
tled fraction), as y-axis, and number of devices concurrently
executing within a subcluster (concurrency level), as x-axis, for
volatile devices in a representative subcluster (subcluster-8).

of throttling on execution performance (for scheduler use),
we record the fraction of the total time each node spent in
a throttled state (termed the throttled fraction), during the
stress test. We compute the throttled fraction for each stress
test as the number of seconds the throttle flag (logged with
vcgencmd) is set during execution of four MM jobs on an
individual device divided by the total time taken to finish the
four MM jobs.

A. Device Behavior Under Shared Power

We use a simple taxonomy to categorize device throttling
behavior under shared-power. We refer to the classes in this
taxonomy as the Pi personalities.

We observe devices consistently fall into three categories:
throttled, indicating power or hardware degradation sufficient
to trigger frequency scaling with or without contention,
unthrottled, indicating devices never exhibit throttling under
maximal subcluster load, and volatile indicating devices that
exhibit load-dependent throttling behavior (i.e. neither throttled
or unthrottled). Figure 1 depicts this taxonomy for the devices
under study. For each subcluster, we specify the functioning
device count and use red for throttled devices, yellow for
volatile devices and green for unthrottled devices.

B. Throttling Onset Under Shared-Power Concurrency

This categorization motivates us to investigate the relation
between subcluster load and the throttled fraction for each
volatile device in a subcluster. To generate subcluster load, we
choose, at random, a set of devices to induce “background”
load while a volatile device is under study.

We refer to the number of devices chosen for the background
load (excluding the volatile device under test) as the concur-
rency level and measure throttled fraction for each volatile
device as a function of increasing concurrency levels. As with
the previous tests, we generate a sample of 30 throttled fractions
for each combination of throttled device and concurrency level
and summarize the relationship using the median of this sample
(to filter any outliers that might occur due to operating system
noise during a specific benchmark run).

The result of a background load test is a set of x-y pairs
matching concurrency level (as an x value) with median
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Fig. 3: Subcluster trajectories for subcluster-3 (purple),
subcluster-5 (red), and subcluster-8 (green).

observed throttled fraction (as a y value) for each volatile
device in a subcluster. For example, Figure 2 plots the x-y
pairs for all volatile devices in subcluster-8 (an arbitrarily
chosen but representative subcluster). The plotted pairs, from
the same device, are linked by lines, one per volatile device.

The figure shows the minimum concurrency level at which
throttling occurs differs by device, and the throttled fraction is
monotonically increasing for all devices. These properties are
consistent for background load tests of volatile devices across
all subclusters (full set of graphs omitted for brevity).

If it is possible to conduct a background load test for every
volatile device in every subcluster at every concurrency level
and to record the resulting x-y pairs indexed by a volatile device
identifier, a scheduler can use this information to determine the
effective clock speed (and hence the effective CPU compute
rate) for any combination of devices it selects. It could simply
determine the Pi personality of each device it is considering,
and for any assignment of devices to subclusters, use the
maximal speed for unthrottled devices, the minimal speed for
throttled devices, and a look-up of the throttled fraction (based
on concurrency level) of the speeds for the volatile devices.

This methodology, however, requires a full set of stress tests
and background load tests for all devices in all subclusters.
To investigate improving the scalability of the approach, we
explore throttled fraction trends across subclusters for any
commonalities. We summarize the per-subcluster x-y pairs
for the volatile machines into a trajectory for each subcluster.
To form a subcluster trajectory, we first note that the plots
shown in Figure 2 are approximately parallel, indicating the
throttled fraction relationship is consistent and independent of
the minimum concurrency level at which it begins to occur.
Thus, to summarize all device trajectories in a subcluster into a
single trajectory, we first transform (termed “zero-shift”) each
device trajectory to intersect the origin, where the sample x-y
pairs in Figure 2 of the devices now roughly overlap with
each other. We then compute the median throttled fraction
over these zero-shifted, overlapping points, per concurrency
level to construct the subcluster’s trajectory.

As examples, Figure 3 shows three different subcluster
trajectories. Note, they differ in terms of active and functioning
devices. Subcluster-5 has 25 functioning devices, subcluster-3
has 39 functioning devices, and subcluster-8 has 42 functioning
devices. From the figure, subcluster trajectories also appear to

Full-set
trained model

R2 score BIC score
(on full
subcluster set)min max mean

OLS 0.50 0.88 0.77 -7326.59
PW 0.67 0.94 0.87 -8305.78
MPW 0.76 0.95 0.89 -8415.99

TABLE I: Range of R2 (higher is better) scores across all 12
subclusters and BIC (lower is better) for the full subcluster set,
using predicted throttled fractions from regression models fitted
using every subcluster. MPW has best R2 and BIC entries.

depend on the number of active devices drawing power from
the shared power distribution unit for the subcluster. Further
(as indicated by the vertical line) the relationship appears to
be different for concurrency levels < 8 compared to ≥ 8.

C. Linear Models of Subcluster Throttled Fraction

Based on this (and a more extensive but elided) graphical
analysis of subcluster trajectories, we hypothesize the overall
relationship between throttled fraction, concurrency level,
and active device count (for volatile devices) is piece-wise
linear. Thus, in the remainder of this study, we explore three
different linear models for describing each subcluster’s throttled
fractions. As a baseline, we consider ordinary least squares
(OLS). We also consider a piece-wise linear model (PW) with
two segments. Both models use the zero-shifted concurrency
level as their only explanatory variable. Finally, we consider
a multivariate linear model (MPW) with two segments that
takes both concurrency level and number of active, functioning
devices as explanatory variables.

Note these models are fitted for a subcluster using all
the profiled volatile device lines for that subcluster. The
subcluster trajectories described in the previous subsection only
motivate the use of our linear predictive models. While more
sophisticated, non-linear models (with higher fitting costs and
potentially greater sensitivity to measurement variability) may
also be appropriate. In Section IV we show the effectiveness of
the linear approach and, from these results, conclude additional
predictive power may not be necessary. We also explore root-
cause analysis for these patterns and explain why our data-
driven approach can be more widely applicable in Section V.

Table I shows the Bayesian Information Criterion (BIC)
score for the entire subcluster dataset, and the min, max,
mean R2 score (across all subclusters) when using OLS,
PW, and MPW models to predict the throttled fraction across
all 12 subclusters. To elaborate, each model is fitted using
every subcluster’s profile data and BIC uses the negative log-
likelihood as a goodness-of-fit measure (smaller is better),
adding a penalty term (to penalize overfitting) for the number
of parameters to estimate (scaled by the log of sample size).

From the table, the R2 scores for each linear model increase
with model complexity, indicating the additional parameters are
adding explanatory power. Note, the OLS model requires two
estimated parameters, the PW model requires four estimated



Model Equation derived from full cluster as training data
OLS y = 0.112 + 0.040 ∗ x

PW y = (x < 8)[0.011 + 0.071 ∗ x]+
(x ≥ 8)[0.375 + 0.022 ∗ x]

MPW y = (x < 8)[0.167− 0.004 ∗ avail devs + 0.071 ∗ x]+
(x ≥ 8)[0.645 + 0.007 ∗ avail devs − 0.023 ∗ x]

TABLE II: Derived regression equations using every subcluster
as training data (rounded to three decimal places). y is predicted
throttled fraction, x is the concurrency level, and avail devs
is the total number of functioning devices in a subcluster.

parameters, and the MPW model requires six estimated
parameters. Further, the overall BIC score for the most complex
model (MPW) is lowest, indicating this additional explanatory
power does not come at the expense of over fitting.

Note, the data in rows 2 and 3 of Table I is when PW, MPW
use concurrency level 8 to switch between their piecewise
segments (see Figure 3). Rather than estimate this point of
regime change as an additional parameter, we compute the R2

and BIC scores exhaustively for all possible concurrency levels
(as change point) in all subclusters. We observe the highest
average R2 and overall lowest BIC score for concurrency-level
8 (full analysis omitted for space considerations).

MPW’s lead in terms of fit confirms the observations
(illustrated in Figure 3) that the number of active devices
adds profitable explanatory power. That is, MPW has the
highest mean R2, BIC and the narrowest range of R2 scores,
showing the effectiveness of the additional parameter, with
better and consistent fit across all subclusters. For completeness,
we present the derived model equations in Table II.

Based on these models and their reasoning we now run our
experiments in Section IV to determine which model is best
in terms of prediction error, and investigate reducing the data
(and thus profiling) required to achieve good prediction results.

IV. EMPIRICAL EVALUATION

In the previous section, we evaluated three candidate
models: ordinary least squares (OLS) using concurrency as
the predictor, piecewise linear (PW) with two regimes, and
multivariate piecewise linear (MPW) incorporating the two
regimes, concurrency level, and power-domain size. We used
R2 to quantify variance explained and BIC to select among
candidate models while penalizing complexity, showing that
piecewise linear models provide an accurate and parsimonious
representation of concurrency-dependent throttling behavior.

In this section, we evaluate the prediction accuracy of the
models using root mean squared error (RMSE) and mean
absolute error (MAE), when trained on the full and exhaustive
profiles of all 12 subclusters. We then investigate whether
profiling a small subset of subclusters is sufficient to achieve
similar prediction performance.

Figure 4 compares the MAE for the exhaustive profile
across all three regression methods. The x-axis represents each
subcluster and the y-axis is MAE for the throttled fraction, (i.e.
the fraction of time spent throttled during execution). Each
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Fig. 4: MAE for each subcluster. MAE is computed as the
absolute error of the difference between the predicted and actual
throttled fraction, on average across experiments. Models fitted
on exhaustive profiles from all 12 subclusters.

Model trained
on full-set

RMSE MAE
Min Max Range Min Max Range

OLS 0.074 0.150 0.076 0.060 0.129 0.069
PW 0.057 0.121 0.064 0.045 0.094 0.049
MPW 0.059 0.109 0.050 0.046 0.087 0.041

TABLE III: Range of RMSE and MAE across subclusters.
MPW has the narrowest error range (indicating stability) and
lowest maximum RMSE and MAE. Models fitted on exhaustive
profiles from all 12 subclusters.

bar represents the error calculated using predicted y values
from each model. Blue bars are for OLS, yellow for PW, and
green for MPW. These errors represent the MAE achievable
by each linear model when applied to all of the data. Note,
we omit graphing RMSE here because the ranking comparison
is identical. Because throttled fraction errors are small, we
also present the minimum and maximum RMSE and MAE in
Table III to show the range of errors across the subclusters.

Over the 12 subclusters, MPW achieves the lowest aggregate
error most often, and exhibits the most consistent prediction
performance, while OLS performs the worst. Straight-line
OLS regression assumes a single linear relationship between
concurrency and throttling, and therefore cannot capture regime
changes introduced by the increase in the number of volatile
devices (devices which throttle dependent on background load),
as explained in Section III-C. PW and MPW explicitly capture
these regime shifts, and MPW further incorporates power-
domain capacity draw, (i.e. the number of active devices)
leading to substantially lower aggregate error in most domains.

PW slightly outperforms MPW on four of the twelve
domains(∼ 0.001− 0.002 RMSE, MAE for throttled fraction).
But across all domains, MPW yields a tighter error range
(max − min) for both RMSE and MAE, indicating more
robust error performance under domain-to-domain variability.

The tighter error bounds for MPW suggest incorporating
power-domain size reduces cross-domain variance by capturing
systematic differences in shared-power capacity. The domains
where PW marginally outperforms MPW likely reflect cases
where power-domain size provides limited additional signal
(e.g. cabling losses or atypical device composition) or where
the dominant effect is already captured by the regime split at
the change point. In such domains, the additional covariate
may introduce slight prediction variance without improving fit.
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Fig. 5: MAE for each subcluster for the Min-Med-Max strategy.
The red line is the minimum, maximum error across all three-
domain models. The Min-Med-Max set achieves prediction
error close to global minimum (red-X) for all models. Moreover,
MPW’s MAE for this set is close to optimal (i.e. the MAE
shown Figure 4 when we exhaustively profile all subclusters).

Nevertheless, the overall reduction in error dispersion, better
R2 and BIC scores from Table I indicates MPW generalizes
more reliably across heterogeneous power domains.

A. Sparse Profiling for Scalable Performance Prediction

Although exhaustive profiling provides accurate characteri-
zation, it is impractical for large-scale edge clusters due to the
cost of profiling all devices and concurrency configurations. We
therefore investigate whether sparse profiling is sufficient for
accurate performance prediction. We hypothesize that profiling
three representative subclusters, those with the minimum,
median, and maximum active device counts, is sufficient
to achieve acceptable prediction error performance across
the cluster. We test this hypothesis by fitting models to all
combinations of three subclusters and comparing predictive
accuracy against all subclusters individually. We then compare
the model prediction error performance for the combination
of the subcluster with the minimum, maximum, and median
number of active devices to the globally best model prediction
errors among all three-set combinations. We refer to this latter
combination as the Min-Med-Max holdout strategy.

Our intuition for the hypothesis of combining the minimum,
maximum, and median active device subclusters being suf-
ficient as these three accurately capture the range of active
power draw to throttle fraction relationships. That is, selecting
domains spanning the observed active capacity range provides
fitting data for the full spectrum of subcluster sizes, enabling the
model to generalize across the device count varied subclusters.

To evaluate our sparse profiling hypothesis (and the Min-
Med-Max holdout strategy), we show the MAE when we
use sparse profiling to predict the throttled fraction for each
subcluster in Figure 5. The graph layout is the same as Figure 4.
To provide a visual comparison of this strategy against the
performance of other three-domain combinations, we overlay
each bar in the figure with a red dashed line. The red line
denotes the minimum and maximum MAE observed across
all three-domain combinations. The red X marks the global
minimum error across combinations.

From the figure, the height of the MPW bar is equivalent
to, or slightly above the global minimum (the red X) for each
subcluster. Thus, the MPW model trained on Min-Med-Max

Model

RMSE MAE
Difference between
min(Min-Med-Max)
and
min(Across all sets)

Range
(Min-Med-Max)

Difference between
min(Min-Med-Max)
and
min(Across all sets)

Range
(Min-Med-Max)

OLS 0.018 0.077 0.014 0.062
PW 0.010 0.056 0.012 0.043
MPW 0.013 0.054 0.013 0.037

TABLE IV: RMSE and MAE statistics for the holdout
experiments for the three domain cominations. Columns 2 and 4
shows the difference between the global minimum and the Min-
Med-Max strategy minimum for RMSE and MAE. Columns 3
and 5 show the range (max−min) for RMSE and MAE, for
the Min-Med-Max strategy. Min-Med-Max strategy achieves
prediction error close to the best-performing three-domain
training combinations across all models. And MPW’s range
indicates stability in performance under subcluster variability.

to predict throttled fraction in all other subclusters achieves
an MAE similar to the best performing MPW model out of
all three-domain training combinations. As before, the graphs
for RMSE are similar and omitted due to space constraints.

Note, the sporadically large heights of the dashed lines in
the figure indicates model performance is sensitive to the three
subclusters used for model fit. This shows model prediction
accuracy is dramatically impacted by the choice of three-
subcluster set.

Table IV summarizes Figure 5 and reports the error gap
relative to the global minimum error. We show the difference
(in columns 2 and 4) between the global minimum and the
Min-Med-Max strategy minimum for RMSE and MAE, respec-
tively. The data shows the Min-Med-Max strategy achieves
prediction error very close to the globally best-performing
three-domain training combination across all models. This
result suggests selecting fitting domains that span the observed
active capacity range is sufficient to capture the dominant
sources of cross-domain variability and to enable accurate
performance prediction with sparse profiling.

Columns 3 and 5 of the table show the RMSE and MAE
range (max−min) for the Min-Med-Max strategy. MPW has
a narrow range of errors for both RMSE and MAE, indicating
stability in performance under subcluster variability. Note, this
range is also similar to or better than RMSE and MAE range
shown in Table III – when we exhaustively profile all 12
subclusters. This shows Min-Med-Max’s performance, with
significantly less profiling, is very close to optimal.

For completeness, we report the regression coefficients
learned from this training set in Table V and summarize the
R2 and BIC scores in Table VI. The R2 and BIC scores are
similar to or better than those obtained with the full training
set (in Table I), indicating no degradation in explanatory power
or model parsimony when restricting the training data to these
three representative domains. Moreover, MPW again has the
best R2 and BIC scores. PW and MPW, with their additional
parameters, also outperform OLS using this strategy indicating
better capture of throttled fraction across power-domains.
Overall, these results show MPW performing best under



Model Equation derived using the Min-Med-Max profiling strategy
OLS y = 0.121 + 0.041x

PW y = (x < 8)[0.014 + 0.075x]+
(x ≥ 8)[0.406 + 0.020x]

MPW y = (x < 8)[0.157− 0.004 avail devs + 0.075x]+
(x ≥ 8)[0.667− 0.008 avail devs + 0.023x]

TABLE V: Derived regression equations for the Min-Med-Max
strategy (rounded to three decimal places). y is the predicted
throttled fraction, x is the concurrency level, and avail devs
is the total number of functioning devices in a subcluster.

Min-Med-Max
trained model

R2 score BIC score
(on full
subcluster set)min max mean

OLS 0.53 0.87 0.77 -7298.08
PW 0.73 0.94 0.87 -8244.28
MPW 0.79 0.95 0.89 -8383.22

TABLE VI: R2 and BIC scores calculated using predicted
throttled fraction for Min-Med-Max strategy across subclusters.

both full-set and Min-Med-Max fitting strategies, indicating
power-domain active capacity is a useful explanatory variable
and profiling the minimum, median, and maximum capacity
domains provides sufficient coverage for accurate and scalable
cluster-wide performance prediction.

Finally, this study also illustrates a general methodology
applicable to similar edge clusters with shared power domains.
To use it, a cluster administrator runs individual and maximal
stress tests (Section III) to classify devices within each
cluster (Figure 1). Second, they profile the volatile devices in
subclusters with the minimum, median, and maximum number
of active devices using the background load test (Section III-B).
Finally, they construct an MPW model from this profiled data
(i.e. the zero-shifted throttled fraction data and regime change
concurrency level either visually or empirically derived). Note,
a PW model is equivalent when all subclusters have the same
number of active devices. The resulting model predicts the
throttled fraction for any subcluster given a concurrency level
and active device count. Moreover, combining this prediction
with the MM job’s gigaflop rate for a subcluster yields a lower
bound on subcluster compute performance which can be used
to inform scheduling decisions.

V. DISCUSSION

Our characterization and modeling methodologies target a
class of edge and IoT deployments with specific, but widely en-
countered, operational characteristics. In particular, we consider
deployments composed of off-the-shelf hardware components,
including devices, cabling, USB hubs, and power distribution
units, that are used over extended periods without modification
to their lifecycle. These systems are typically purpose-built for
long-lived operation in technology-hostile environments, where
routine maintenance and frequent component replacement are
impractical due to cost, access constraints, or deployment scale.

While these assumptions may appear restrictive, they are
in fact common across many real-world IoT and edge deploy-

ments, particularly in outdoor and industrial settings. Such
clusters are often designed to prioritize affordability and sus-
tainability, favoring commodity hardware potentially purchased
second-hand or amortized over long operational lifetimes [30],
[31]. As a result, aging and heterogeneous devices are the
norm rather than the exception. The cluster studied in this
work reflects this increasingly prevalent deployment model.

In some environments, devices are replaced when their
operational “personality” degrades beyond acceptable bounds.
However, the applications we target, such as wildlife conserva-
tion, forest fire monitoring, and digital agriculture, frequently
operate in remote locations where subclusters are sealed to
mitigate environmental exposure [17], [18]. In these settings,
replacing individual devices becomes increasingly costly as
cluster size grows, and system components must often operate
in a degraded state until replacement is economically feasi-
ble. Our methodology explicitly accommodates such gradual
degradation rather than assuming frequent hardware refresh.

Although device behavior could, in principle, evolve beyond
the three personality classes identified in this study, our
empirical evidence suggests such changes are rare in practice.
We have collected over a year of intensive stress-test data
and have not observed additional degradation modes beyond
those captured by our taxonomy. Should devices simply shuffle
between existing behaviors, our profiling methodology can be
re-executed to update the system composition. We continue to
monitor the cluster to track long-term behavioral trends.

Finally, we explored potential root causes of power-induced
throttling, including device aging, power supply variability, and
wiring effects. Our experiments with swapping cables, ports,
power supplies, and devices yielded inconclusive results. Simi-
lar power-induced performance variability has been reported in
other edge deployments (see Section II) but operators mitigate
the problem by overclocking devices or supplying elevated
voltages, accelerating hardware degradation. Importantly, our
approach does not depend on isolating a root cause. Instead
it captures the observable effects of power-induced variability
and incorporates them into predictive models. This design
choice allows our approach to scale and remain effective even
when underlying causes are difficult to diagnose precisely.

Taken together, our results shows explicitly modeling power-
induced variability, rather than attempting to eliminate it,
provides a practical and robust foundation for performance pre-
diction in long-lived, resource-constrained edge deployments.

VI. CONCLUSIONS AND FUTURE WORK

In this work, we present a large-scale experimental charac-
terization of aging edge devices and quantify power-induced
performance degradation in a shared-power Raspberry Pi
cluster. We identify three repeatable device behavior classes,
throttled, unthrottled, and volatile, that capture persistent and
concurrency-dependent throttling behavior. We develop and
validate predictive performance models, showing multivariate
piecewise linear models provide the best fit across shared power
domains. We further propose and validate a sparse profiling
methodology, where profiling only the minimum, median, and



maximum capacity power domains yields predictive accuracy
comparable to profiling all subclusters.

As future work, we will extend our characterization to work-
loads that stress communication, memory, and I/O subsystems
to capture additional power-draw dimensions. This will enable
modeling of a broader class of edge workloads and inform the
design of power-aware schedulers that treat power infrastructure
as a first-class resource rather than a binary constraint.
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