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Abstract—Dense sensor networks produce high-frequency data
while operating under tight resource constraints, making efficient
transmission a central challenge. Piece-wise Linear Approxima-
tion (PLA) mitigates this by replacing raw samples with linear
segments under a bounded error, but transmitting these segments
as-is fails to exploit substantial redundancy within each sensor’s
stream and across sensors. In this work we propose PLA-
MUX, a sensor—edge framework that compresses PLA segments
within and across sensors to exploit shared structure. PLA-
MUX quantizes starting values, groups segments with intersecting
slopes, and encodes identifiers and timestamps using mixed-radix
representation combined with delta encoding. These techniques
exploit structural similarities, such as shared ranges, correlated
trends, and bounded timestamp windows, to substantially reduce
communication overhead while preserving PLA fidelity. The re-
sulting representation is compact, streaming-friendly, and cloud-
decodable.

Index Terms—Sensor networks, Internet-of-Things, Piecewise-
Linear-Approximation

I. INTRODUCTION

Modern data-driven applications increasingly depend on
dense sensor networks [1] to monitor and respond to physical
environments in real time. Industrial IoT systems monitor
vibration, temperature, and pressure to detect anomalies [2].
Smart cities collect environmental and mobility data to sup-
port utility services and infrastructure maintenance [3], [4].
Smart agriculture systems continuously track soil moisture
and microclimate conditions to enable informed decisions
by farmers [5]. These applications produce time series mea-
surements that must be sent to remote cloud platforms for
storage, analysis, and decision-making [6]. However, sending
raw sensor readings is often not practical. Nodes often have
limited resources, wireless bandwidth is restricted, and com-
munication consumes a lot of energy [7]. As a result, modern
edge computing architectures increasingly use intermediate
edge nodes to preprocess, filter, and compress sensor data
before sending it to the cloud.
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A key observation is that precise sensor measurements are
rarely necessary. Physical signals are inherently noisy, and
many downstream tasks, like trend detection, threshold mon-
itoring, or anomaly detection, perform well with controlled
approximations. Previous studies have shown that approximate
sensing and lossy compression can greatly reduce communi-
cation costs while maintaining application-level accuracy [8],
[9]. This leads to the use of compact representations that
summarize time series data with bounded error guarantees.
Among the available techniques, Piece-wise Linear Approxi-
mation (PLA) [10] stands out as a particularly effective choice.
It offers interpretable linear segments, supports strict error
thresholds, and can be computed in a streaming manner with
minimal memory and computation. This makes it ideal for
embedded sensor platforms.

While PLA can be applied directly to the measurements of
individual sensors, transmitting PLA segments independently
from each node still incurs substantial overhead when many
sensors operate concurrently. Our work identifies additional
opportunities to consolidate and compress these PLA seg-
ments both at the sensor level, before they are sent to the
edge, and at the edge devices, where segments from multiple
sensors are accumulated and further compacted prior to cloud
transmission. A typical PLA segment contains a measurement
identifier, a starting timestamp, an intercept, and a slope.
When sensors monitor related physical processes—such as
temperature across nearby locations or humidity within a
greenhouse—the resulting PLA segments often share structural
regularities: starting values fall within comparable ranges,
slopes reflect similar trends or seasonal patterns, and times-
tamps evolve predictably. Exploiting these shared patterns
enables significantly greater compression than treating each
sensor stream in isolation.

In this work, we introduce PLA-MUX, a Multiplexed
Piece-wise Linear Approximation framework running on edge-
assisted sensor networks that exploits shared regularities across



PLA segments from multiple sensor streams. PLA-MUX
quantizes segment intercepts based on the application’s error
threshold, resulting in a small set of discrete starting values
that many segments share and can therefore be represented
jointly. It further groups segment slopes that fall within com-
mon trend ranges and encodes measurement identifiers and
timestamps using mixed radix representations that take ad-
vantage of their natural correlations. Together, these techniques
allow sensor and edge nodes to multiplex many PLA segments
into a compact, unified representation that can be transmitted
efficiently and decoded without loss in the cloud. The result is
a lightweight, streaming-friendly compression method built for
edge computing environments that significantly reduces com-
munication overhead while preserving the fidelity guarantees
of PLA.

II. PRELIMINARIES
A. Data Collection Infrastructure

We consider a sensor network in which individual sen-
sor nodes collect numerical measurements over time. While
sensors may also produce non-numerical observations—such
as classification labels generated by local Al models—the
processing of such data is orthogonal to the techniques studied
in this work.

Each sensor may generate one or more types of measure-
ments. We expect that measurements collected by nearby
nodes are similar in nature; for example, multiple sensors
may report values for the same physical quantities, such as
temperature or humidity. Our objective is to reduce the overall
data volume by identifying and exploiting correlations both
within the measurements generated by a single node and across
measurements produced by different nodes.

To uniquely identify each measurement originating from
a particular node, we assume the existence of a unique
measurement identifier. Each reported data point is therefore
represented as a tuple (my,t;,v;), where m; denotes the
measurement identifier, ¢; the timestamp (or epoch identi-
fier) at which the measurement was collected, and v; the
associated numerical value. Thus, all values corresponding
to measurement identifier m; form a time series T'S; =

<(t1, Ul), (tQ,’UQ), .. >

B. Piece-wise Linear Approximation

Directly transmitting raw, atomic measurements places ex-
cessive strain on sensor nodes, consumes significant energy (a
critical concern for battery-powered devices), and can easily
saturate the available network bandwidth in dense deploy-
ments. To mitigate these issues, sensors typically perform local
processing to filter out unnecessary transmissions. A simple
approach is to report only those values that deviate signifi-
cantly from the last transmitted measurement. However, such
threshold-based filtering is of limited use when measurements
follow a trend, for example, a monotonic increase or decrease,
because each new value may still trigger a transmission. A
more effective strategy is to exploit linear patterns in the data

using a well-studied technique known as Piece-wise Linear
Approximation (PLA).

Using PLA, a time series can be represented as a sequence
of linear segments (v;, a;, t;), where v; is the starting value of
the segment, ¢; is its starting timestamp, and a; is the slope.
Measurements within this segment of the time series can be
approximated via linear interpolation: v(t) = v; + a; - t.

For applications that require adherence to a strict maximum
error threshold e, extensive research has addressed how to
construct such segments while minimizing their total number.
Fortunately, efficient streaming algorithms exist [11]-[14] that
can solve the error-bounded version of PLA even under tight
memory and processing constraints.

While PLA significantly reduces transmission costs com-
pared to sending raw measurements, its true value emerges
when it is used as a foundation to unlock additional opti-
mizations. Specifically, the linear segments produced by PLA
often exhibit strong similarities due to correlations present in
the underlying measurements both within a single sensor’s
time series and across different sensors in the network. By
identifying and exploiting these recurring segment patterns,
additional compression opportunities become available.

III. OUR MULTIPLEXING PLA FRAMEWORK
A. Overview

The PLA-MUX data-collection pipeline consists of oper-
ators running on both sensor nodes and edge devices, each
designed to reduce the volume of data transmitted across
the network—from sensors to edge devices and from edge
devices to the cloud. Each sensor node executes two functions:
(i) a modified PLA procedure that consolidates consecutive
measurements into linear segments, and (ii) a multiplexing op-
erator MUX that exploits commonalities among these segments
by merging their descriptions. A second instance of MUX
runs at edge nodes, where segments originating from multiple
sensors are further consolidated, yielding additional space
savings and reducing upstream communication overhead.

B. Maximum Error and Latency Constraints

In our setting, we first process measurements locally at
sensor nodes to convert them into linear segments. Each node
enforces a maximum error threshold e for this conversion on
each individual measurement. This threshold may be globally
defined by the application or may vary depending on factors
such as the measurement type, the node’s location, or the time
period. In addition, we assume a maximum latency threshold L
that must be respected when transmitting measurements. This
constraint is essential for streaming applications that need to
react quickly to changes in the data.

C. Adapting PLA to our setting

Each sensor generates groups of segments by executing
a PLA(e,L) subroutine that processes its local readings.
Although the internal details of this procedure are not es-
sential to our framework, certain properties are desirable.
In particular, the PLA(e, L) subroutine should operate in a
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Fig. 1. PLA(e, L) subroutine visualization.

streaming fashion and require minimal processing and memory
resources. Among the available techniques in the literature,
our implementation adopts the SWING [11] algorithm, as
it has very low resource requirements and has been shown
to perform well in practice. More precisely, the algorithm
performs incremental calculations, meaning it only processes
the new data point rather than recomputing over the entire
dataset. To satisfy the latency requirement, we modify the
PLA process to forcibly terminate a segment once the latency
limit L is reached, regardless of whether the error threshold
has not yet been exceeded. A second modification is that,
whereas SWING closes a segment by selecting a final slope
a; from the permissible range of interpolating lines, we
instead keep this choice open and retain the minimum and
maximum allowable slopes, a;o, and ap;, deferring the final
slope selection to the edge device running MUX. A third
modification is that the starting value of each line segment
is quantized. This idea was originally proposed in [15] to
enable sharing of starting-point values across different PLA
segments. The specific quantization function is orthogonal
to the design of our algorithm. Following [15], we employ
a simple linear quantization scheme for the starting values,
defined as ¢; = |v;/€].

A visual explanation is given in Figure 1. Point vy is first
quantized to ¢;. Then, the PLA process adds points vg, v3,
and v4 by adjusting the slopes a;,,, and ap;. While Figure 1
shows that there exist lines that could also approximate vs, the
process is terminated before reaching this point, as the latency
limit is exceeded prior to 5.

The final output of the PLA(e, L) subroutine is a se-
quence of segments s;, each represented as a tuple s; =
(¢is Qlow,  Ani;, t;), where these fields uniquely identify the
quantized starting value of the segment, the range of permissi-
ble slopes for the interpolation line and its starting timestamp.

D. Batching Segments on Sensors

The multiplexing operator MUX running on each sensor,
collects the local segments generated by PLA(e, L) into a
working set of segments S = {s;}, ordered by their starting

TABLE I
NOTATION USED IN THE MULTIPLEXING OF SEGMENTS.

Symbol Meaning

S Set of segments to be encoded

Qi Quantized starting value of segment s;

Q Set of distinct quantized values in S

Sq Subset of segments with quantized value g

Qlow;s Ahi; Lower/upper bounds of the feasible slope
interval of s;

Gq ={Gq,1,...,Gq,k,} Slope-based groups within Sq

Gq,j Group of segments with mutually intersect-

ing slope intervals

Representative slope chosen for group G ;

Measurement ID and timestamp of segment

84

Ming,, Mazxy, Minimum/maximum measurement ID in S

B Radix for multiplexing: B = Mazm, —

Ming, +1

Multiplexed integer encoding of (m,t;)

Sorted (delta-encoded) sequence of multi-

plexed values for G ;

Eq Encoded representation of all groups in Sj

Final multiplexed representation of S

Qq,j
ms, b

MUTm, ¢ (i)
Mg,;

gmuz

value timestamp, ¢;. The operator maintains the minimum
timestamp:

tmin = Min ¢;

min SIES 7
to enforce the latency L. This timestamp defines the start of
the current batching interval. As new segments arrive, they are
appended to S without reordering. When the condition:

now — tmin > L

is satisfied, all segments currently accumulated in S are
multiplexed (as described next) before being transmitted to the
edge device. After emission, the working set S is cleared and
the batching process restarts with the next arriving segment.

E. The Multiplexing Operator

The multiplexing operator MUX merges the descriptions of
several segments into a single, compact representation. It oper-
ates both on sensor nodes—where it condenses the data before
transmission to edge devices—and on edge nodes, which apply
an additional layer of compression before forwarding the data
to the cloud. Figure 2 provides a high-level overview of how
the segments in set S (that is the input to the operator) are
processed. Table I collects the notation used throughout this
section.

The encoding process transforms the working set of seg-
ments S through three successive stages: 1) partitioning by
quantized starting values, 2) grouping by intersecting slope
intervals, and 3) multiplexing timestamp—identifier pairs into
compact integer sequences. The resulting structure is a nested
collection of encoded groups, each carrying only the minimal
information required for reconstruction. The key objective
of the multiplexing task is to reduce the memory footprint
required to represent the segments in S using the &z
encoding.
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Fig. 2. Processing pipeline for multiplexing PLA segments.

1) Fartitioning on quantized starting values: Quantizing
the starting PLA values ¢; restricts them to a finite set of
discrete levels, increasing the likelihood that multiple segments
share identical values. Thus, a first step is to partition the
segments in S according to their corresponding g; values. Let
@ be the set of distinct quantized values in S:

Q={qlsi€S}

For each ¢ € @, we define the subset S, = {s; € S |
$i[0] = q }. Then {S,}4eq forms a partition of S. This parti-
tioning scheme enables us to transmit a single starting value
q; for each partition, reducing the communication overhead.
2) Grouping by intersecting slope intervals: Each segment
s; in S, is characterized by an interval [a;ou, , api;] Of permis-
sible slopes. Instead of selecting a distinct slope value a; for
each segment we seek the minimum number of distinct slope
values that collectively cover all segments in .S;. This is equiv-
alent to partitioning an interval graph, whose edges denote
overlapping intervals, into the minimum number of cligues
and is solved in O(nlogn) time [16] as follows. We first sort
the segments in S, in increasing order of a;,,,; values and then
perform a forward scan to form a list of groups of mutually
intersecting segments. Formally, let the sorted sequence be
5(1)58(2)s -+ - 3 S(ng)> such that diow; < Glow, <+ < Qlow,, -
We construct a sequence of groups G, = (G1,Ga,...,G K(ﬁ,
where each G, C S, is a maximal set of segments whose
slope intervals have non-empty common intersection. This
forward-pass processing of the segments in S, results in
the minimum number of groups, K [16]. Each group G,
is associated with an interval range [ag,m”] ...agmj] where
gy, = MATseq, (G1ow,) and agy,, = ming,eq; (ani;). A
single representative slope for all segments in a group G
is chosen as the midpoint of the group’s common feasible
low.;

interval %, when the operator is running on an edge
node.

The effect of this multiplexing scheme, which partitions the
segments of S, into groups G, is that we transmit to the cloud
only one slope per group, instead of transmitting n, distinct
slope values, i.e., one slope for each segment in .S,. Since the
number of groups satisfies K < ng, our approach results in a
potentially substantial reduction in the number of slope values
that must be communicated.

3) Multiplexing timestamps and measurement ids: When
MUX runs on an edge node, it receives updates from a
small group of nearby sensors. Due to the latency constraint,
the reported timestamps are expected to fall within a small
time window restricted by L. A naive representation of the
measurement ids m; and the timestamps ¢; would require
transmitting two separate numbers for each segment. However,

given their bounded ranges, we can instead employ a mixed-
radix representation inspired by [17].

Let Min,, (respectively Max,,) denote the minimum (re-
spectively maximum) value of m,; within S and define:

B = (Max,, — Min,, + 1)

Then each pair (m;, t;) can be compactly encoded as a single
integer:
MUTm, = B X t; +my
In the cloud the original values can be recovered by applying
MUL ¢
5]

PLA-MUX sorts segments within each group G; according
to their mux,, ¢ values. The resulting sorted sequence is then
delta-encoded.

m; = Min,, + (muz,,, mod B) and t; = L

F. Final Multiplex Representation

We represent the processed segments in .S as:

gmux:{gq | qEQ}a
where each &, is the collection of encoded groups for partition
Sy
Eg={Eg;j | i=1,....K;}.
Each encoded group E, ; is a triple:
Eqj = (¢ g5 Mg;),
where @, ; is the representative slope of group G, ; and

1 2
My = (Ha) iy

is the delta-encoded sequence of multiplexed m; and ¢t;
identifiers associated with the segments in G ;.

) M((]Zq]) )

IV. EXPERIMENTAL EVALUATION

In this section, we first describe the dataset used in our
experiments. We then evaluate the performance of our ap-
proach and examine how effectively PLA-MUX compresses
data compared to existing methods under different latency and
maximum error threshold e constraints.

A. Experimental Setup and Data

We evaluate the performance of PLA-MUX using real-
world measurements from the “IR Biological Temperature”
dataset [18], that has also been used in earlier studies [9],
[19]. Biological, i.e., surface, temperature is measured using
infrared (IR) sensors deployed within the soil array and at
multiple heights along the tower infrastructure. The sensors
report measurements with a precision of two decimal places
from 47 sites with a total of 192 sensors, illustrated in
Figure 3. Assuming that each site is equipped with a single



Fig. 3. The topology of our dataset [18].

edge device, the average number of sensors per edge node
is approximately four. For stress-testing purposes, we set a
uniform error tolerance of ¢ = 0.01°C' across all sensors in
our experiments, unless specified otherwise.

Experiments were conducted using a custom-built Java-
based network simulator designed to model configurable
sensor-node and edge-device topologies. We implemented
PLA by adapting the SWING algorithm to honor the latency
constraint, and PLA-MUX, which integrates the PLA(e, L)
segmentation procedure introduced in this work with the MUX
operator. To improve compression efficiency of timestamp
representations, we adopt integer-based encoding schemes
for both PLA and PLA-MUX. For PLA, timestamps are
compressed using delta encoding followed by Variable-Byte
encoding, reducing redundancy in consecutive temporal values
while maintaining lightweight decoding overhead.

The PLA-MUX encoding scheme builds upon the approach
presented in [20], which we further enhance by integrat-
ing FastPFOR128 [21] for block-based integer compression.
FastPFOR128 operates on fixed-size blocks of 128 integers
and therefore requires sufficiently large batches of timestamps
to be effective. Such batch sizes are naturally available in
PLA-MUX, where multiplexing aggregates time series streams
from multiple sensors. In contrast, PLA processes sensors
independently and does not multiplex streams, resulting in
smaller timestamp batches that are insufficient to efficiently
leverage FastPFOR128.

We also report results using two general-purpose compres-
sion algorithms, Snappy [22] and Zstandard [23]. Although
they are less effective at reducing transmission volume, they
serve as useful reference points that highlight the additional

Sensor-to-Edge BOSC3AI  Edge-to-Cloud BN

12

Size (GB)

Raw Snappy Zstandard PLA PLA-MUX

Fig. 4. Data transmission volume (Sensor — Edge — Cloud). PLA-MUX
reduces the amount of data transmitted at both the sensor nodes and the edge
devices, achieving substantially lower communication overhead compared to
alternative compression methods.

savings achieved by our PLA-MUX framework.

B. Volume transmitted across network tiers

Figure 4 illustrates the reduction in data volume achieved by
PLA-MUX across the different network tiers, specifically from
the sensors to the edge and from the edge to the cloud. Unlike
the baseline methods, which transmit an equal amount of data
across both network tiers, PLA-MUX performs additional data
reduction at the edge. The raw data generated by the sensors is
5.7 GB per hop, resulting in a total transmission of 11.5 GB by
the time it reaches the cloud. Applying lossless compression
reduces this total volume to 7.9 GB for Snappy and 5.3
GB for Zstandard. By introducing a small error tolerance
(e = 0.01°C"), the PLA algorithm manages to increase space
savings by an additional 0.6 GB compared to the best lossless
algorithm, reaching a total of 4.8 GB.

In contrast, PLA-MUX requires only 1.8 GB for the sensor-
to-edge tier, a 69% reduction over raw data at the first hop.
Furthermore, due to the additional MUX operation at the edge
devices, this volume is further reduced to 1.5 GB for the edge-
to-cloud transmission. This results in a total of 3.3 GB, which
is 34% better than PLA and 39% better than Zstandard.

C. Compression efficiency vs latency

Figure 5 illustrates how compression efficiency evolves
under different latency constraints. The compression gains
of all algorithms increase as the allowable latency grows,
because additional latency enables batching and the processing
of larger groups of measurements. PLA-MUX achieves space
savings ranging from 51% to 72% compared to raw data as
the latency threshold increases.

PLA-MUX consistently attains higher compression ratios,
yielding a substantially smaller data footprint. This advantage
grows with increasing latency, as larger latency budgets allow
more PLA segments to accumulate in the MUX pipeline of
Figure 4. For very small latency budgets, the compression
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Fig. 6. Comparison of total data transmission (GB) under varying error
thresholds. The advantage of PLA-MUX becomes increasingly pronounced
as the maximum error threshold e decreases, since more line segments
can be jointly encoded. Notably, both PLA and PLA-MUX can operate
as lossless compressors, achieving substantial space savings over general
purpose compression algorithms. As the allowable error bound increases, the
compression gains become even larger.
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efficiency of PLA and PLA-MUX converges. Tight delay
constraints permit only short segments, leaving little room to
exploit long-term temporal structure or inter-sensor similarity.
Consequently, the benefit of multiplexing becomes negligible
in these extremely low-latency regimes.

D. Compression Efficiency vs. Error Threshold

Figure 6 presents the space requirements for different values
of e. As the dataset reports measurements with a precision
of two decimal places, setting ¢ = 0.005 guarantees loss-
less representation, since the maximum allowable deviation
remains below the smallest measurable unit. Under this strict
error tolerance, both PLA and PLA-MUX generate a large
number of short segments. However, this setting particularly
benefits PLA-MUX: the increased number of segments creates

greater opportunities for multiplexing and joint encoding. As
a result, PLA-MUX achieves its largest improvement over
PLA in this setting, providing a compression ratio that is
more than 30% better. For larger values of ¢, the permitted
approximation error increases, enabling longer segments and
reducing the overall data volume for both approaches. Overall,
PLA-MUX consistently outperforms PLA across all tested
thresholds. The relative performance gain ranges from 28% to
32%, demonstrating that the advantages of multiplexing persist
across both strict and relaxed error settings.

V. RELATED WORK

Bounded-error Piece-wise Linear Approximation has been
extensively studied in the literature [11]-[14]. Our techniques
were motivated by recent algorithms [15], [20] that explore
merging segment descriptions to reduce representation size,
but these algorithms treat each time series independently and
do not exploit cross-sensor regularities.

In-network aggregation techniques reduce communication
by combining partial results along routing paths, enabling ef-
ficient computation of aggregates [24]-[32], and surveys have
documented the trade-offs between accuracy, energy consump-
tion, and resilience [33]-[35]. These approaches, however,
are designed to compute global aggregates and intentionally
discard per-sensor detail. PLA-MUX instead preserves the
structure of each approximate time series and performs a
structural multiplexing of PLA segments rather than a statis-
tical aggregation, making it complementary to traditional in-
network aggregation frameworks. Sampling can substantially
reduce data transmission [36], but it does not provide the
deterministic guarantees required in this work. Data sharing
and neighborhood awareness are also prominent approaches
for reducing transmission overhead [37]-[39].

Sensor and Edge computing research has emphasized push-
ing computation closer to data sources to reduce latency,
bandwidth usage, energy consumption and cloud dependence
[40]-[44]. Systems for IoT and mobile environments com-
monly incorporate filtering, compression, outlier-detection or
lightweight analytics at intermediate nodes, and several studies
evaluate compression techniques for edge devices under real-
istic constraints [45]-[50]. These works focus on collecting
historical data and do not provide strict freshness guarantees
like PLA-MUX.

VI. CONCLUSIONS

In this work, we presented PLA-MUX, a novel
multiplexing-based compression framework for multi-sensor
edge environments. By aggregating time series streams,
PLA-MUuX jointly encodes data exploiting spatiotemporal
correlations that standard sensor-wise approaches cannot
leverage. Our evaluation on real-world datasets demonstrates
that PLA-MUX consistently achieves higher compression
ratios across a range of latency and error thresholds, reducing
both sensor-to-edge and edge-to-cloud traffic without
sacrificing accuracy.
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